
 

 
 

CHARACTERIZING VOLCANIC BEHAVIOUR USING 
THERMAL REMOTE SENSING AND OTHER TIME 

SERIES DATA, 2000-2009, VOLCÁN DE COLIMA, 
MEXICO 

 
by 

 
Jolane Dawn Sorge 

Bachelor of Science, University of Calgary 2004 
 
 
 

THESIS 
SUBMITTED IN PARTIAL FULFILLMENT OF 
THE REQUIREMENTS FOR THE DEGREE OF 

 
MASTER OF SCIENCE  

 
 
 

In the  
Department of Earth Sciences 

 
 
 

© Jolane Dawn Sorge 2011 
SIMON FRASER UNIVERSITY 

Fall 2011 

 
All rights reserved. However, in accordance with the Copyright Act of Canada, this work 

may be reproduced, without authorization, under the conditions for Fair Dealing. 
Therefore, limited reproduction of this work for the purposes of private study, research, 

criticism, review and news reporting is likely to be in accordance with the law, 
particularly if cited appropriately. 



 

 ii 

Approval 

Name: Jolane Dawn Sorge 

Degree: Masters of Science  

Title of Thesis: Characterizing volcanic behaviour using thermal remote sensing 
and other time series data, 2000-2009, Volcán de Colima, 
Mexico. 

 

Examining Committee: 

 Chair: Dr. Andrew Calvert 
Professor, Department of Earth Sciences 

 

  _______________________________________________  

 Dr. Glyn Williams-Jones 
Senior Supervisor 
Associate Professor, Department of Earth Sciences 

 

  _______________________________________________  

 Dr. John Clague 
Supervisor 
Professor, Department of Earth Sciences 

 

  _______________________________________________  

 Dr. Nicolas Varley 
Supervisor 
Professor Researcher, Facultad de Ciencias 
Universidad de Colima, Mexico 

 

  _______________________________________________  

 Dr. Robert Wright 
Supervisor 
Associate Researcher 
Hawai’i Institute of Geophysics and Planetology, USA 

 

  _______________________________________________  

 Dr. Bernhard Rabus 
External Examiner 
Adjunct Professor, Department of Earth Sciences 

 

Date Defended/Approved:  _______________________________________________  

thesis
Typewritten Text
16 November 2011



Last revision: Spring 09 

 

Declaration of 
Partial Copyright Licence 
The author, whose copyright is declared on the title page of this work, has granted 
to Simon Fraser University the right to lend this thesis, project or extended essay 
to users of the Simon Fraser University Library, and to make partial or single 
copies only for such users or in response to a request from the library of any other 
university, or other educational institution, on its own behalf or for one of its users.  

The author has further granted permission to Simon Fraser University to keep or 
make a digital copy for use in its circulating collection (currently available to the 
public at the “Institutional Repository” link of the SFU Library website 
<www.lib.sfu.ca> at: <http://ir.lib.sfu.ca/handle/1892/112>) and, without changing 
the content, to translate the thesis/project or extended essays, if technically 
possible, to any medium or format for the purpose of preservation of the digital 
work. 

The author has further agreed that permission for multiple copying of this work for 
scholarly purposes may be granted by either the author or the Dean of Graduate 
Studies.  

It is understood that copying or publication of this work for financial gain shall not 
be allowed without the author’s written permission. 

Permission for public performance, or limited permission for private scholarly use, 
of any multimedia materials forming part of this work, may have been granted by 
the author.  This information may be found on the separately catalogued 
multimedia material and in the signed Partial Copyright Licence. 

While licensing SFU to permit the above uses, the author retains copyright in the 
thesis, project or extended essays, including the right to change the work for 
subsequent purposes, including editing and publishing the work in whole or in 
part, and licensing other parties, as the author may desire.  

The original Partial Copyright Licence attesting to these terms, and signed by this 
author, may be found in the original bound copy of this work, retained in the 
Simon Fraser University Archive. 

Simon Fraser University Library 
Burnaby, BC, Canada 



 

 iii 

Abstract 

This thesis examines if a protocol can be created using satellite and existing 

ground-based time series data recorded at Mexico’s most active volcano, Volcán de 

Colima, over an extended time period (five years), to identify past patterns in the 

behaviour of the volcano.  Thermally anomalous pixels due to volcanic activity are 

identified on MODIS and GOES satellite images by customizing thresholds in the hybrid 

approach algorithm to locate pixels with radiance values that exceed the normal 

background radiance and natural variance at Volcán de Colima.  Visual comparison of 

the resulting thermal anomaly time series with RSEM, mean temperature, and 

precipitation time series data, and volcanic activity reports yield four common 

observation types.  Furthermore, inspection and comparison of the data sets reveal that 

additional data requirements and advanced statistical analysis are required to fully 

characterize past volcanic behaviour for use as a tool to forecast future activity. 

 
Keywords:  Thermal satellite remote sensing; volcanic thermal anomalies; Volcán de 
Colima; time series; RSEM 
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1: Introduction 

1.1 Objective/Problem 

Volcanic systems, especially those that pose a hazard to population and 

infrastructure, are monitored using a variety of techniques and tools.  Some of these 

monitoring methods, such as seismic and satellite data, result in time series data sets.  

Satellites are able to collect data consistently over active volcanoes regardless of their 

location or the hazard that they pose and, as a result, many of these data sets are available 

over extended time periods (e.g., there is over 15 years of Advanced High Resolution 

Radiometer, AVHRR, data over the North Pacific; van Manen et al., 2010a).  This thesis 

examines if a protocol can be created using satellite and existing ground-based time 

series data recorded on an active volcano over an extended time period (5 years), to 

identify past patterns in the behaviour of the volcano and thereby provide an additional 

tool for predicting future behaviour. 

The process compares volcanic activity identified using thermal satellite data with 

other time series data (e.g., Real-Time Seismic Energy Measurement, RSEM) using 

statistical methods to identify if any correlations and patterns are evident between the 

data sets.  Two different satellite platforms/instruments are used to strike a balance 

between temporal and spatial resolution.  MODIS (MODerate resolution Imaging 

Spectroradiometer) is on-board two EOS (Earth Observing System) platforms, Terra 

(launched on December 18, 1999) and Aqua (launched on May 4, 2002).  Both are sun 

synchronous, polar-orbiting satellites that have a combined temporal resolution of 
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approximately four images per day and a spatial resolution of 1 km pixels.  GOES 

(Geostationary Observational Environmental Satellite) stays over a fixed point on the 

Earth by rotating at the same velocity, this allows data to be acquired every 15 to 30 

minutes.  However, these images have a low spatial resolution of 4 km pixels.  Two 

satellites, GOES East and GOES West, provide coverage from above the equator and 

between 170oE and 20oW. 

Volcanic activity is identified on the thermal satellite images using existing 

algorithms, more specifically the hybrid approach outlined in Koeppen et al. (2010), 

optimized using site-specific thresholds for day- and night-time data.  Once the thermal 

anomalies are identified, the time series data sets are plotted together on the same time 

scales.  Ideally, statistical time series methods would be used to find correlations between 

the data sets and evaluate their statistical significance.  Statistically verified relationships 

between the data may then be used a tool for volcanic hazard forecasting.  Unfortunately 

the complexity of the time series data sets and the multivariate statistical processes 

required to complete the correlation prohibited the application of statistical methods in 

this thesis.  Temporal correlations were made between the data sets and documented 

activity reports to gain further understanding of the data sets and the relationships 

between them. 

1.2 Background:  Using Satellite Remote Sensing for Volcano 
Monitoring 

When unimpeded by clouds, satellites typically acquire data, at regular temporal 

intervals, about the Earth’s surface using the electromagnetic spectrum.  The thermal 

nature of volcanic activity lends itself to the use of the thermal infrared (TIR; 3.0-100 
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µm) portion of the spectrum.  Within the TIR there are two atmospheric windows (Figure 

1.1) where absorption of thermal energy (emitted by a source on the Earth’s surface) by 

atmospheric gases such as water vapour, ozone and CO2 is minimal; one in the mid-

infrared (MIR), 3-5 µm, and the other in the far-infrared (FIR), 8-14 µm (Gupta, 1991; 

Francis & Rothery, 2000). 

Thermal anomalies are detected by a spectroradiaometer that records radiance 

emitted from within its field of view into different wavelength ranges (bands).  Each band 

has a maximum measurable temperature and will saturate if the input exceeds it (Wright 

et al., 2002a).  Temperature, wavelength, and spectral radiance of an emitting body are 

related by Planck’s Black Body Radiation Law: 

𝐿 𝜆,𝑇 =   
2ℎ𝑐!𝑋10!

𝜆![exp ℎ𝑐
𝜆𝑘𝑇 − 1]

 

where L is the spectral radiance (W m-2 sr-1 µm-1), λ is the wavelength (m), T is the 

absolute temperature of the emitter (K), h is Planck’s constant (6.62x10-34 Js), c is the 

velocity of light (3x108 m s-1), and k is the Boltzmann’s constant (1.38x10-23 J K-1) 

(Webley et al., 2008).  Figure 1.1 shows the affect of Planck’s Radiation Law, when the 

temperature of the emitting body increases the spectral radiance increases at a greater rate 

in the MIR than in the FIR (Harris, 1996). 

A pixel is generally composed of more than one thermal emitter, especially for 

low spatial resolution pixels.  In this case, the radiance is averaged over the pixel and the 

resulting pixel is dependent on the temperatures of the emitting bodies, the fraction of the 

pixel that they occupy and the wavelength range of channel that is used (Dozier, 1981; 

Wright et al., 2002a).  If a pixel is composed of two emitting bodies, one representing the 
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Figure 1.1 Planck’s Radiation Law, when the temperature of the emitting body increases 
the spectral radiance increases at a greater rate in the mid-infrared (3-5 µm) 
spectrum than in the far-infrared spectrum (8-14 µm).  The grey boxes 
represent the atmospheric windows where themal energy is not absorbed by 
atmospheric gases (Gupta, 1991; Francis and Rothery, 2000).  Note. Modified 
from Harris, 1996 (p. 8).
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ambient background and the other representing a much hotter body, then the hot emitter 

will contribute more to the average radiance in the 3-5 µm band than in the 8-14 µm band 

(Dozier, 1981; Wright et al., 2002a).  This increased contribution is due to the fact that 

the peak emittance of high temperature radiators (100-1000oC) occurs in the mid-infrared 

(3-5 µm) part of the electromagnetic spectrum (Harris et al., 1997, 2000; Oppenheimer, 

1998; Wright et al., 2002a, 2002b, 2004).  Thus, bands within this range are ideal for 

identifying thermal anomalies against a cooler background.  

The use of thermal infrared satellite sensors to identify volcanic activity has been 

applied to low (GOES-4 km), medium (MODIS-1 km; AVHRR-1.1 km; Along Track 

Scanning Radiometer, ATSR-1 km), and high (Landsat Thematic Mapper-30 m) spatial 

resolution sensors for qualitative and quantitative monitoring. While high-resolution 

sensors are most useful for quantitative measurements and analysis, their low temporal 

resolution (e.g., 16 days for Landsat Thematic Mapper) makes them ineffective for real-

time monitoring due to the transient nature of many volcanic processes.  Medium-

resolution sensors are also used for quantitative analysis including measurement of:  

surface temperatures (Harris et al., 1997; Lombardo et al., 2009); effusion rates (Harris et 

al., 1997, 2003; Lombardo et al., 2009; van Manen et al., 2010a); and heat flux 

measurements (Higgins and Harris, 1997; Harris et al., 1999; Lombardo et al., 2009).   

Qualitative approaches are most often used to detect volcanic thermal activity 

and/or change in activity by inspecting imagery for anomalously hot pixels (Higgins and 

Harris, 1997; Tramutoli, 1998, 2007; Harris et al., 2000, 2001a; Wright et al., 2002a, 

2002b, 2004; Pergola et al., 2004, 2009; Webley et al., 2008; Koeppen et al., 2010; 

Marchese et al., 2011).  These approaches have also been used to interpret the type of 
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volcanic activity using the size, spatial distribution and intensity of anomalous pixels 

(Wright et al., 2000, 2002b; Harris et al., 2001a; van Manen et al., 2010a).  Satellite 

detection of volcanic activity is dependent on the timing and intensity of the events 

relative to image acquisition, and thus satellites with high temporal resolution are more 

likely to coincide with volcanic activity.  Therefore, in this study, low and medium 

spatial resolution sensors that have the required high temporal frequencies are used to 

qualitatively detect volcanic hot spots. 

1.3 Hot Spot Detection Techniques 

Originally, hot spots were detected on satellite imagery using manual inspection; 

however, the large amount of archival imagery now available and the importance of 

detecting volcanic activity in real-time has led to the development of automated and 

semi-automated detection algorithms.  Multiple algorithms have been created, some with 

a specific satellite sensor or location in mind (e.g., Okmok algorithm; Dehn et al., 2000) 

and others are intended to be used globally and/or with multiple sensors (e.g., 

MODVOLC, Robust Satellite Technique, RST; Tramutoli, 1998; Wright et al., 2002a, 

2004).  Some of these algorithms are described below. 

1.3.1 Spectral Comparison and Spatial Comparison 

Spectral comparison, in the form of band subtraction, is commonly used for 

automatic volcanic hot spot detection using medium spatial resolution sensors.  The 

method capitalizes on the principle that the mid-infrared wavelengths (~3.5-4.0 µm) 

correspond with the peak spectral emittance from radiating surfaces between 100 and 

1000 oC, while the far-infrared wavelengths (10-12.5 µm) correspond with the peak 
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spectral emittance from surfaces at ambient temperatures (Harris et al., 1997, 2000; 

Oppenheimer, 1998; Wright et al, 2002a, 2002b, 2004).  Thus in the presence of a hot 

radiator, the measured radiance in the mid-infrared will increase at a much faster rate 

than the measured radiance in the far-infrared (Figure 1.1)(Harris et al., 1997; Wright et 

al., 2002a).  This can be detected by calculating the difference between the radiance 

measured in the mid-infrared and far-infrared: 

𝛥𝑇 = 𝑇!"# − 𝑇!"# 

where TMIR is the brightness temperature measured in the mid-infrared band and TFIR is 

the brightness temperature measured in the far-infrared.  ΔT will be approximately equal 

to zero in the absence of a hot spot and will increase with the presence of a hot spot 

within the pixel (Higgins and Harris, 1997; Harris et al., 2001a).  However, ΔT can also 

be increased by differing atmospheric affects between the two bands, and solar reflection 

from clouds and the Earth’s surface in daytime images (Harris et al., 2001a).  Therefore, 

the volcanic radiator must cause the ΔT to increase over this natural variability.  A 

common and simple method to minimize variability caused by solar reflection and 

atmospheric effects is to use only nighttime imagery (Wright et al., 2002a, 2004; Webley 

et al., 2008; Pergola et al., 2009; Koeppen et al., 2010).  However, the use of only 

nighttime images decreases the temporal resolution of the data set by half.   

Creating empirically derived thresholds that allow the radiance of a pixel to vary 

within a natural range without being identified is one way to avoid false detections but 

still use daytime images.  Harris et al. (2001a) found that in the absence of cloud, the ΔT 

natural variability over Kilauea, Hawai’i ranged between 2 and 6 oC during the day and -

2 and 2 oC during the night, while active lava tended to result in ΔTs much greater than 
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10 oC.  From these findings a nighttime threshold of ΔT > 5 oC and a daytime threshold of 

ΔT > 10-15 oC was set (Harris et al., 2001a).  Unfortunately, to avoid false detections, 

thresholds are often conservative values, therefore, smaller and/or less intense volcanic 

activity may go undetected.  Higgins and Harris (1997) combined spectral comparison 

with a spatial contextual approach to distinguish between natural variability and the 

presence of a volcanic radiator with greater sensitivity. 

A contextual approach compares the radiance of a pixel with that of its 

neighbours to establish if the radiance is within the normal background variability of the 

area or if it is thermally anomalous compared to the immediate surrounding area.  This 

approach is often carried out by sliding a box of pixels, centred on the pixel in question, 

through the image pixel by pixel, and repeating the process iteratively, flagging thermally 

anomalous pixels and removing them so they do not skew the calculated normal 

background ambient radiance.  The iterative procedure of the contextual approach 

requires longer processing times and more computing power than the spectral comparison 

method to identify volcanic anomalies in an image.   

Higgins and Harris’ (1997) VAST (Volcanic Anomaly SofTware) program uses 

both the spectral comparison and the contextual approach.  The ΔT (ΔT=TMIR-TFIR) of the 

pixel in question is compared to the ΔT of the 8 pixels immediately surrounding it (ΔTdiff 

= ΔTpixel – ΔTneighbours).  ΔTdiff is then compared to the maximum ΔTdiff (ΔTmaxdiff) of a 

non-active portion of the volcano on the image (Higgins and Harris, 1997).  If ΔTdiff is 

greater than ΔTmaxdiff the pixel is flagged as anomalously hot (Higgins and Harris, 1997).  

This type of process strives to eliminate false detections while increasing the sensitivity 

of the algorithm by characterizing the natural variability expected in each image. 



 

 9 

1.3.2 MODVOLC 

MODVOLC was developed at the Hawai’i Institute of Geophysics and 

Planetology (HIGP) to detect thermal anomalies over defined volcanoes around the globe 

using MODIS data (Wright et al., 2002a, 2004).  Higgins and Harris’ (1997) method, 

outlined in section 1.3.1, could not be used because the MODVOLC algorithm was 

designed to run in the MODIS data chain and therefore had operational constraints; the 

evaluation had to occur on a pixel-by-pixel basis, the algorithm have no data 

dependencies, and that it be simple (used no more than eight mathematical operations and 

five bands of MODIS data) (Wright et al., 2002a, 2004).  These constraints prohibited the 

use of a contextual approach.  

Initially, band subtraction (spectral comparison) was tested using the mid-infrared 

bands 21 and/or 22, and the far-infrared band, 32, in nighttime data only.  Analysis of the 

results showed that this method was not sufficient to distinguish between pixels that 

contained hot surfaces and those containing other land cover types and clouds in the 

absence of a contextual component to the algorithm (Wright et al., 2002a, 2004).  The 

solution was to normalize the difference with the sum of the radiances in the two bands:  

NTI (Normalized Thermal Index) = 22-32 / 22+32; this weights the index value to hot 

surfaces (which emit large amounts of radiance in band 32) (Wright et al., 2002a, 2004).  

Wright et al. (2002a, 2004) tested the index value on volcanoes with widely varied 

geographical positions resulting in an optimal global threshold of -0.80 (i.e., pixels are 

flagged as hot when their NTI value is greater than or equal to this value).   

It is important to consider the spatial location and distribution of MODVOLC 

anomalies since it does not distinguish between volcanic activity and other processes that 
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emit large amounts of thermal radiance such as fires and industrial activity.  Furthermore, 

it does not identify the type of volcanic activity that caused the hot spot, although it has 

been correlated with activity such as lava flows, some types of lava domes (most likely 

related to dome building processes that expose hot material), and certain types of vent 

activity (e.g., explosions) (Wright et al., 2002a, 2004).  As with all satellite volcano 

monitoring, detection of any type of thermal activity is dependent on the timing of the 

event with the acquisition of the satellite image, the duration of the event, the magnitude 

of the event (spatial extent and temperature), and the visibility of the event (i.e., if the 

view is obscured by cloud, smoke, or ash it may not be detected).  MODVOLC has 

accurately identified hot spots on volcanoes around the globe; however, the sensitivity of 

the algorithm is limited by the use of a single threshold regardless of the geographic 

location of the volcano or the season.  By using volcano-specific NTI thresholds, 

allowing it to be increased for warmer climates and decreased for cooler climates, the 

sensitivity of MODVOLC could be increased (Wright et al., 2002a, 2004). 

1.3.3 Robust Satellite Technique (RST) 

The robust satellite technique (RST) is an automatic change detection procedure 

that has been used for a number of remote sensing purposes including volcanic thermal 

anomaly detection (Tramutoli, 1998, 2007; Pergola et al., 2004, 2009; Marchese et al., 

2011).  The technique characterizes normal environmental and observational fluctuations 

for a given set of conditions (e.g., time of year, time of day) in order to identify values 

that fall outside of this norm (Tramutoli, 1998, 2007; Pergola et al., 2004, 2009).  The 

technique consists of three main steps (Tramutoli, 1998): 
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1. Pre-processing:  Historical data for a given area and from a single 

platform is compiled.  The imagery is georeferenced and collocated so 

that the pixels in each image represent the same ground area, and 

cloudy data is removed from the data set. 

2. Reference image creation:  Images representing the same 

environmental conditions (i.e., the same month of the year, time of day, 

etc.) are used to create mean and variability images.  Pixels with 

anomalously high or low values (caused by volcanic activity or clouds) 

can be eliminated using an event mask by implementing an iterative k-

σ clipping filter (Pergola et al., 2004), and a fixed-point discarding 

mask if necessary (Tramutoli, 1998). 

3. Detecting change:  An Absolutely Local (in space and time) Index of 

Change of the Environment (ALICE) is calculated for each pixel of 

every image: 

⊗(!,!,!)=
[𝑉(!,!,!) −   𝜇!(!,!)]

𝜎!(!,!)
 

where ⊗(!,!,!) is the calculated ALICE index at location x,y and time t; 

V(x,y,t) is the variable in question for pixel x,y on one image at time t; 

µV(x,y) and σV(x,y) are the mean and variability, respectfully, of the 

variable for pixel x,y calculated for a specific period of time.   

The spectral band used for this process depends on the phenomenon that RST is being 

used to detect.  In the case of volcanic hot spot detection, the brightness temperature of 

the mid-infrared band (~3.5 µm to 4 µm) is used (Tramutoli, 1998, 2007; Pergola et al., 
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2004, 2009; Marchese et al., 2011).  A higher ALICE index value corresponds to a more 

intense the thermal anomaly, and a higher statistical significance for the anomaly 

(Marchese et al., 2011). 

The advantages of the RST method include:  the ability to use it with any satellite 

platform that has an appropriate spectral band in the mid-infrared (~3.5-4 µm), to date the 

approach has been used most often with AVHRR (Advanced Very High Resolution 

Radiometer) data, but has also been used with MODIS and SEVIRI (Spinning Enhanced 

Visible and Infra-Red Imager) (Marchese et al., 2010); the ability to adjust the sensitivity 

of the algorithm by adjusting the ALICE threshold to look for less intense anomalies; and 

that it is tuned to a specific geographical location and environmental conditions so that it 

can be used with all images (i.e., summer, winter, daytime, nighttime, etc.) (Tramutoli, 

1998, 2007; Pergola et al., 2004; Marchese et al., 2011). 

The RST approach has been applied to imagery of Stromboli volcano, Italy and 

Mount Etna, Italy, with the primary focus being Mount Etna.  For example, Pergola et al. 

(2004) used it to examine known eruptions at Mt. Etna in the winter of 1999, the summer 

of 2001, and the fall of 2002 using day- and night-time AVHRR images.  No false 

positives were detected for any of the eruptions when an ALICE > 3 threshold was 

applied to both day- and night-time images even in the presence of some cloud or ash 

plumes.  The results for the daytime images showed decreased sensitivity, especially 

during the summer months; this is likely a result of increased ground temperatures, due to 

solar heating, and more natural variability, such as temperature and atmospheric (e.g., 

water vapour) fluctuations experienced during the summer months.  Decreasing the 

ALICE threshold did show increased sensitivity but also resulted in more false alarms.  



 

 13 

Pergola et al. (2009) found that precursor anomalies could be detected by using a lower 

ALICE threshold (> 2).  Precursors were distinguished from false detections using their 

spatial location on the edifice and their temporal location with respect to known volcanic 

events.  

Finally, Marchese et al. (2011) expanded on the work of Pergola et al. (2004, 

2009) by applying the RST approach to 14 years of AVHRR data over Mt. Etna.  The 

data set included 7200 images over 3329 days after removing cloudy images (but 

retaining partially cloudy images); these were used to create 60 reference images (five 

times per day for every month), and subjected to an ALICE > 3 threshold.  The result was 

accurate detection of lava flows, as well as some instances of gas vents, lava fountains, 

and small-medium Strombolian eruptions (Marchese et al., 2011).  The false positive rate 

(FPR) for this study was calculated to be approximately 3.6%, while the sensitivity rate 

(SR; ratio of undetected events to documented events) was approximately 63.4%.  

Marchese et al. (2011) found that by following the original RST procedure with: 

⊗!"#!!"#(!,!,!)  =   
[𝛥𝑇(!,!,!) −   𝜇!"(!,!)]

𝜎!"(!,!)
 

where ΔT is the difference between the brightness temperature in the mid-infrared and the 

brightness temperature in the thermal infrared, the FPR was reduced to approximately 

0.4% and the SR was approximately 62.2%.  The sensitivity rate was also affected by 

unobserved activity due to cloudy conditions and eruption versus image acquisition 

timing (i.e., if the erupted material was still hot enough to be flagged as anomalous; if the 

satellite acquires an image after the actual event has occurred). 
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1.3.4 Hybrid Approach – MODVOLC and RST 

Koeppen et al. (2010) proposed and tested a hybrid approach that combined the 

MODVOLC and RST algorithms.  This approach detected approximately 15% more 

volcanic anomalies than MODVOLC alone with few to no false detections. 

 Both MODIS and GOES imagery was used to test algorithm’s ability to be 

applied to sensors with different spatial, temporal and spectral resolutions.  The algorithm 

was applied to the GOES and MODIS imagery separately.  The three-step RST approach 

(Tramutoli, 1998, 2007; and Pergola et al., 2004) was followed with a few changes made 

within the steps:   

1. Pre-processing:  Images are time-ordered and georeferenced and pixels 

are collocated as in the RST approach.  However, pre-processing is 

carried out for not only the mid-infrared bands but the far-infrared 

bands as well.  Furthermore, no region of interest is defined, and 

cloudy images are included in the data set (Koeppen et al., 2010).  

Cloudy images were not removed because automatic cloud detection 

algorithms were found to inaccurately identify clouds in the imagery 

(Koeppen et al., 2010).   

2. Reference image creation:  First, the MODVOLC algorithm is applied 

to each image.  This serves two purposes: 1) it provides a first order 

pass at flagging anomalously hot pixel; and 2) it acts as an event mask, 

removing the outlier pixels values, for the creation of reference (mean 

and variability) images (Koeppen et al., 2010).  The mean and 

variability images are then created for each defined time period. 
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3. Detecting change:  ALICE values are calculated for each pixel, using 

measured radiance instead of brightness temperature, and tested using 

three thresholds: 2.0, 2.6, and 3.0 which correspond to statistical 

confidences of 95.4%, 99.0%, and 99.7%, respectfully (Koeppen et al., 

2010). 

GOES images used in the hybrid approach were those acquired closest in time to 

the Terra nighttime MODIS images.  The resulting thermal detections from the two 

sensors (GOES and MODIS) correlated well for one study area (Kilauea, Hawai’i) but 

not for the other (Cantarell oil fields, Gulf of Mexico) (Koeppen et al., 2010).  The cause 

of the correlation difference between the two study areas may be a function of spatial 

resolution.  The smaller, cooler anomalies of the Cantarell oil fields may not be 

detectable with GOES 4 km pixel spatial resolution but are with MODIS 1 km pixel 

resolution (Koeppen et al., 2010).  Furthermore, detection of very hot anomalies will 

differ between MODIS and GOES because GOES has a lower saturation temperature 

(Koeppen et al., 2010). 

1.3.5 Other Methods 

The following algorithms were designed for either a specific volcano or for a 

specific volcanic region, rather than being globally applicable.  For the first of these, 

Wright et al. (2002b) developed a single band method to identify when thermally 

anomalous activity occurs in the crater of Popocatépetl, Mexico using GOES data.  The 

method scanned an area of 10 x 10 GOES pixels centred on the crater for the highest 

mid-infrared value (‘peak’ radiance), and found the mean radiance of the remaining pixel 

(‘background’ radiance), then a correlation coefficient, r2, calculated for the two data sets 
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(Wright et al., 2002b).  They used the principal that the peak radiance and the background 

radiance should be well coupled in the absence of a volcanic thermal source, meaning a 

high r2 value.  The same procedure was carried out for the nearby dormant peak of 

Iztaccihuatl, in order to characterize the expected natural variation in r2, as well as 

reducing false detections caused by cloud cover.  Wright et al. (2002b) found that 

exhalations (degassing events) were not detectable using this method because of rapid 

cooling due to air entrainment; explosions at the volcano were detectable, with a unique 

‘peak’ radiance signature, approximately 25 minutes after the event; and dome growth 

detection depended on the mechanisms of growth (i.e., the hot interior of the dome needs 

to be exposed to be detected using satellite methods, otherwise the outer carapace is too 

cool to be anomalous on the imagery). 

For the second method, the Alaskan Volcano Observatory (AVO) developed the 

Okmok algorithm to monitor remote volcanoes in Alaska, the Aleutian Islands, and the 

Kamchatka Peninsula (Dehn et al., 2000; Harris et al., 2000).  This is a semi-automated 

algorithm that converts data in the thermal infrared bands to brightness temperature and 

albedo values over volcanic target areas.  The algorithm then scans the mid-infrared band 

for the brightest temperature pixel, and the value for that pixel in all the bands is then 

plotted as a time series (Dehn et al., 2000).  If the brightness temperature in the mid-

infrared band exceeds a threshold (i.e., greater than 35 oC), it is considered a possible 

thermal anomaly and the image is manually inspected (Dehn et al., 2000; Harris et al., 

2000).  All possible detections are checked using satellite images from other sensors, 

geophysical methods and field observations (Harris et al., 2000).  At least four types of 

volcanic activity have been detected using the Okmok algorithm:  lava dome growth, 
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Strombolian eruptions, lava flows, and explosions (Dehn et al., 2000; van Manen et al., 

2009, 2010a). 

Although both the algorithm developed by Wright et al. (2002b) and the Okmok 

algorithm are able to detect volcanic thermal anomalies for their respective volcano and 

volcanic region, they have not been applied as global algorithms.  The algorithm 

developed by Wright et al. (2002b) uses the non-active peak of Iztaccihuatl to provide a 

baseline for the natural variability to be expected over Popocatépetl.  Unfortunately, most 

volcanoes do not have a dormant peak nearby to act as a reference.  The Okmok 

algorithm requires that thermal anomalies that exceed the 35oC brightness temperature 

threshold in the mid-infrared band be manually inspected (Dehn et al., 2000; Harris et al., 

2000).  Manual inspection has occurred on a daily basis since AVHRR image acquisition 

began at AVO; however, applying this process to archival data over other volcanic 

regions would be excessively time consuming. 

1.4 Multiple Data Set Integration 

Verification of the results of real-time satellite volcanic thermal anomaly 

algorithms is performed using field observations; however, depending on the accessibility 

of the volcano, the type and timing of the activity, field observations may be missing or 

lack detail.  While field observations remain an important tool in verifying satellite 

detected volcanic anomalies, the time series nature of satellite data lends itself to a 

comparison with other time series geophysical data to look for patterns in the behaviour 

of active volcanoes.  Two examples of a time series comparison are:  GOES-detected 

thermal anomaly timing with RSAM (Real-time Seismic Amplitude Measurement) and 

SO2 flux at Popocatépetl, Mexico (Wright et al., 2002b); and the comparison of a 
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MODIS-detected thermal anomaly time series and solid Earth tides at Oldoinyo Lengai, 

Tanzania (van Manen et al., 2010b).    

In the first example, dacitic lava dome growth, accompanied by explosion 

activity, in the relatively inaccessible summit crater of Popocatépetl, Mexico between 

November 1998 and January 1999 was examined using satellite thermal anomaly, 

RSAM, and SO2 flux time series (Wright et al., 2002b).  Visual inspection of the three 

time series data sets revealed that while thermal anomalies, interpreted to represent 

explosion events, were not observed to coincide directly with RSAM spikes they did 

coincide with an increase in the summed daily RSAM values and decreases in SO2 flux 

(Wright et al., 2002b).  A second period of dome growth occurred at Popocatépetl in 

February 2000 that was not observable in the GOES thermal data; furthermore, no 

increase in seismic activity, a decrease in SO2 flux, and no visual evidence of explosions 

were observed during this time (Wright et al., 2002b).  By integrating these time series 

data sets Wright et al. (2002b) proposed aseismic endogenous dome growth that 

accommodated increasing SO2 gas pressure within the volcanic conduit. 

In the second example, van Manen et al. (2010b) explored the possibility of solid 

Earth tides as a trigger for volcanic activity at Oldoinyo Lengai, Tanzania using MODIS-

detected thermal anomalies detected between 2000 and 2008.  Unfortunately conclusive 

results regarding the correlation of these two processes were inhibited by the low 

temporal resolution of MODIS data. 
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1.5 Summary 

This thesis attempts to create a process where the behaviour of an active volcano is 

characterized over an extended time period using satellite-detected volcanic thermal 

anomalies and other ground-based time series data sets to look for correlations and 

patterns in the multiple data sets.   

The hybrid algorithm (Koeppen et al., 2010) is used to qualitatively detect the 

volcanic thermal anomalies, at Volcán de Colima, Mexico, in TIR imagery from GOES, 

and from MODIS between February 24, 2000, and June 30, 2009. 

The sensitivity of the satellite thermal anomaly detection algorithm is affected by 

environmental fluctuations (both at the volcano and in the atmosphere), the geometry and 

geology of the edifice and the surrounding area, the viewing geometry of the sensor, 

image acquisition time (e.g., daytime solar heating of the ground surface as well as solar 

reflection, seasonal variation in background ambient temperatures), and the timing of the 

activity relative to image acquisition (Harris et al., 1997; Wooster et al., 1997; Tramutoli, 

1998, Wright et al., 2002b; Pergola et al., 2004; Marchese et al., 2011).  Volcano 

geometry and geology are held relatively constant by applying the algorithm to a specific 

volcano.  Environmental fluctuations and image acquisition time variability are taken into 

account by using separate day- and night-time MODVOLC thresholds combined with the 

use of RST mean and variability images for each month of the year in the MODIS data 

and every hour of every day of each month for GOES data.  Finally, high temporal 

resolution GOES data (1 image every 15-30 minutes) are used to minimize activity 

missed by the sensor because it did not coincide with image acquisition.  Furthermore, 
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MODIS data is used to complement the low (4 km pixels) spatial resolution of GOES 

with 1 km pixels and approximately 4 images per day. 

Results from the hybrid algorithm are verified by field reports when possible and 

plotted on a time series graph with RSEM (Real-time Seismic Energy Measurement) 

data, mean ambient temperature data, and precipitation data.  The time series are then 

visually inspected for temporal correlations and patterns.   

Next, in Chapter 2, the geology and eruptive history of Volcán de Colima is 

examined.  Chapter 3 and 4 review the application of the hybrid algorithm, in detail, to 

the MODIS and GOES data sets and the resulting thermal anomaly time series, 

respectively.  The addition of the other ground-based time series, RSEM and weather 

data, is explained in Chapter 5.  Chapter 6 covers the methods and results of combining: 

the MODIS and GOES data sets into one large thermal anomaly time series; the hourly 

thermal anomaly and RSEM time series; and the daily thermal anomaly, RSEM, and 

weather time series.  Each of the combined time series is compared with documented 

volcanic activity to understand the thermal anomaly and RSEM patterns and correlations 

that are observed.  Chapter 7 discusses the overall results and their implications, and 

conclusions are made in Chapter 8.  Two appendices accompany this thesis, Appendix 1 

contains all the text and header files that resulted from the processing and combining of 

data sets, Appendix 2 contains all of the Matlab scripts used to process and combine the 

data sets. 
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2: Study Site - Volcán de Colima 

Volcán de Colima (also known as Volcán de Fuego; 19.51oN, 103.62oW; 3860 m 

above sea level) is an andesitic stratovolcano located approximately 130 km southwest of 

Guadalajara, Mexico, and is currently one of Mexico’s most active volcanoes (Figure 

2.1a) (Breton-González et al., 2002).  In recorded history, Volcán de Colima has 

experienced two full eruptive cycles, characterized by lava dome growth and destruction, 

Vulcanian explosions, pyroclastic flows, degassing, and ending with Plinian to Sub-

Plinian eruptions (Breton-González et al., 2002).  The third, current, eruptive cycle 

started in 1922 (Breton-González et al., 2002). 

2.1 Geology 

Volcán de Colima is part of the larger Colima Volcanic Complex.  The complex 

is located in the western part of the Trans-Mexican Volcanic Belt and sits within the 

north-south trending Colima Rift (Figure 2.1) (Robin et al., 1987; Norini et al., 2010).  

Both the volcanic belt and the rift are a result of the subduction of the Rivera and Cocos 

plates underneath the North American plate (Figure 2.1a) (Norini et al., 2010).  The 

Colima Volcanic Complex consists of three volcanoes aligned from north to south:  

Cantaro, Nevado de Colima, and Volán de Colima (Figure 2.1b).  Cantaro is the oldest 

volcanic centre and was active approximately 1.0-1.5 million years ago (Norini et al., 

2010).  Nevado de Colima is a stratovolcano that formed approximately 0.53 million 

years ago and has not been active during historical time (Robin et al., 1987; Norini et al., 
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Figure 2.1 (a) Geographical and tectonic setting of the Colima Volcanic Complex.  (b) 
The Colima Rift and individual locations of Cantaro volcano, Nevado de 
Colima, and Volcán de Colima.  Note. Modified from Norini et al., 2010 (p. 
2). 
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2010).  The most southerly and youngest centre in the complex is the currently active 

Volcán de Colima.  All three eruptive centres of the Colima Volcanic Complex have 

primarily erupted calc-alkaline andesites, however, alkaline basalt cinder cones are 

present around the complex (Luhr and Carmicheal, 1981).  The current Volcán de Colima 

edifice is a combination of Paleofuego, created by a sector collapse on the southern flank 

of the previous edifice, and the current active stratovolcano (Figure 2.2) (Robin et al., 

1987).  The current edifice is composed of block lava flow and pyroclastic flow deposits 

that result from the constructive eruptive phases and pyroclastic flow and ashfall deposits 

resulting from destructive Plinian to Sub-Plinian eruptive phases (Luhr and Carmicheal, 

1980). 

2.2 Eruptive History 

The general eruptive history of Volcán de Colima is described by long 

constructive phases (e.g., lava dome growth, lava flows, Vulcanian eruption, and 

pyroclastic flows) followed by short destructive phases (e.g., Plinian to Sub-Plinian 

eruptions) that erupt primarily from the summit crater (Robin et al., 1987; Zobin et al., 

2011).  Definitive start dates for the constructive eruptive phases have not been reported 

in the historical records, however the two most recent Plinian to Sub-Plinian eruptions 

were reported in 1818 and 1913 (Breton-González et al., 2002).  After the Plinian 

eruption of 1913, Volcán de Colima remained inactive until lava dome growth was 

reported between 1922 and 1930, marking the beginning of the constructive phase in the 

third and current eruptive cycle (Breton-González et al., 2002).  The current cycle is 
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Figure 2.2 Photo of Volcán de Colima showing the Paleofuego escarpment created by a sector collapse.  One of the 2004 lava flows 
is also visible in the photograph.  The summit of Nevado de Colima is out of the photo to the right.  The photo is taken 
from the east side of Volcán de Colima looking west-northwest.  Photograph taken on October 4, 2010.
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characterized by distinct periods of eruptive activity consisting of lava dome growth and 

destruction, Vulcanian explosions, pyroclastic flows (caused by gravitational failures of 

the lava dome, and by explosion column collapse), degassing, and andesitic block lava 

flows (in 1975, 1991, 1998, 2001, 2003, and 2004) (Breton-González et al., 2002; Varley 

et al., 2010a; Arámbula-Mendoza et al., 2011).   

The current period of activity began in November 1998 and can be separated into 

four distinct episodes:  1998-1999; 2001-2003; 2004-2005; and 2007 to present (Varley 

et al., 2010a).  The 1998-1999 episode was characterized by rapid dome growth (i.e., > 5 

m3 s-1) resulting in an approximately 3.8 km long lava flow down the southwest flank of 

the volcano; this effusive activity was followed by Vulcanian explosions in 1999 that 

destroyed the 1998 lava dome (Navarro-Ochoa et al., 2002; Zobin et al., 2002a; Varley et 

al., 2010a, 2010b).  Slow effusion (< 1 m3 s-1) of a new lava dome in May 2001 marked 

the start of the 2001-2003 eruptive episode (Varley et al., 2010a, 2010b).  This effusive 

activity continued until 2003 when Vulcanian activity began and has since maintained a 

consistent level of 2-10 explosive events per day (Varley et al., 2010a).  Effusive activity 

resumed in 2004 when fast dome growth (> 5 m3 s-1) resulted in a 2.4 km lava flow down 

the north-northwest flank of Volcán de Colima (Varley et al., 2010a, 2010b; Arámbula-

Mendoza et al., 2011).  Effusive activity subsided in December 2004 and activity 

consisting of large Vulcanian explosions (VEI = 1-2 and 2-3) started in early 2005 

(February-March) destroying the 2004 lava dome (Varley et al., 2010a; Arámbula-

Mendoza et al., 2011; Zobin et al., 2011).  The period from April to September 2005 was 

characterized by the creation and destruction of small lava domes by increasingly large 

Vulcanian explosions, culminating in the largest VEI=2-3 explosions on May 15, 30, and 
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June 5 (Varley et al., 2010a; Arámbula-Mendoza et al., 2011; Zobin et al., 2011).  The 

current episode of activity began in 2007 and continues at the time of writing.  The 

activity has been characterized by slow dome growth (< 1 m3 s-1) accompanied by 

consistent small Vulcanian explosions (Varley et al., 2010a, 2010b). 

2.3 Hazard 

The populated areas proximal to the volcano are exposed to potential hazards 

caused by the types of volcanic activity that have occurred at Volcán de Colima 

historically and currently.  The volcano is surrounded by small towns and cities as well as 

by agriculture on its lower flanks.  Breton-González et al. (2002) estimated that 

approximately 390 000 people lived within 40 km of the volcano.  

The hazards posed to the local population are characterized by Volcán de 

Colima’s history of large eruptions that includes sector collapses and Plinian eruptions 

that occur approximately every 100 years (Robin et al., 1987; Breton-González et al., 

2002; Norini et al., 2010).  Additionally, hazards from the current activity include 

effusive and explosive activity and the resulting lava flows and pyroclastic flows (Breton-

González et al., 2002; Varley et al., 2010a; Zobin et al., 2011).  As a result, the volcano 

and its activity are monitored closely using multiple techniques. 

To mitigate the volcanic hazard, Volcán de Colima is monitored and studied for 

seismic activity using a network of seismometers (Domíngez et al., 2001; Reyes-Dávila 

and de la Cruz-Reyna, 2002; Zobin et al., 2002b), and for gas flux changes using 

ultraviolet correlation spectrometers (COSPEC, or FLYSPEC) (Zobin et al., 2002a; 

Varley et al., 2010a).  In addition, deformation (e.g., inflation and deflation) is monitored 
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using tiltmeters and Interferometric Synthetic Aperture Radar (InSAR) (Pinel et al., 2008, 

2011; Zobin et al., 2011), and thermal activity is monitored using a combination of 

satellite imagery (Abrams et al., 1991; Harris et al., 2000; Wright et al., 2004), thermal 

camera images, and other visual field observations. 

2.4 Summary 

Volcán de Colima, Mexico is a persistently active andesitic stratovolcano that is 

well monitored due to the hazard that it poses to the surrounding population and its 

accessibility, making it a good target for this thesis.  The objective of this thesis is to 

establish a procedure to combine multiple time series data sets in order to characterize 

past and on-going behaviour of the active volcano.  The persistent volcanic activity at 

Volcán de Colima increases the probability that hot volcanic material will be exposed at 

the surface, enabling detection by satellite-mounted thermal infrared spectrometers.  

Volcanic thermal anomalies have previously been detected at Volcán de Colima by both 

of the satellite platforms used in this thesis (GOES - Harris et al., 2000, real-time; and 

MODIS - Wright et al., 2004).  Furthermore, the wet season at Colima extends over three 

to four months (i.e., July through September), leaving eight to nine months when the 

edifice is less likely to be obscured from the satellite sensors by cloud, and thereby 

increasing the amount of continuous satellite data.  The multiple monitoring techniques 

employed at Volcán de Colima should provide both a means to corroborate detected 

thermal anomalies, and other ground-based time series data, such as RSEM, to compare 

and correlate with the satellite data. 
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3: MODIS Algorithm:  Methods and Results 

The first satellite data set used to detect volcanic hot spots is from MODIS.  The 

algorithm used to identify thermal anomalies caused by volcanic activity follows the 

hybrid approach developed at the Hawai’i Institute of Geophysics and Planetology 

(HIGP) by Koeppen et al. (2010).  The hybrid approach combines two hot spot detection 

methods, MODVOLC (Wright et al., 2002a, 2004) and the RST approach (Tramutoli, 

1998).  Both the hybrid and RST approach follow a three step process consisting of: 1) 

pre-processing of the images; 2) creation of reference images; and 3) detecting change by 

calculating an Absolutely Local (in space and time) Index of Change of the Environment 

(ALICE) (Tramutoli, 1998, 2007; Pergola et al., 2004, 2009; Koeppen et al., 2010).  The 

major differences between the two approaches occur within steps 1 and 2.  In step 1, both 

approaches create a stack of time ordered, georeferenced images from a single satellite 

platform over the target area.  However, the RST approach removes cloudy images; 

whereas the hybrid approach uses all of the images.  In step 2, the RST approach removes 

pixels with anomalous outlying radiance values before creating the background radiance 

reference images using an iterative k-σ clipping filter and a fixed-point discarding mask 

(Tramutoli, 1998; Pergola et al., 2004).  The k-σ clipping filter removes pixels that have 

radiance values above or below two standard deviations over land and three standard 

deviations over water (Koeppen et al., 2010) while the fixed-point discarding mask 

removes the data points from pixels that represent known consistent anomalous radiances 

(Tramutoli, 1998).  The hybrid approach uses MODVOLC to flag pixels with anomalous 
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outlying radiance values before creating the reference images for the ALICE calculation.  

An additional difference occurs in step 3, the RST approach often uses brightness 

temperature to calculate the ALICE index (Pergola et al., 2004, 2009; Marchese et al., 

2011), whereas the hybrid approach uses the mid-infrared radiance (i.e., MODIS band 22 

and 21) to calculate the ALICE index. 

The hybrid approach algorithm was applied to the MODIS data set over Volcán 

de Colima using code written by William C. Koeppen (HIGP, University of Hawai’i at 

Manoa) in ENVI/IDL 7.0.  The resulting data was output into text files and interpreted 

using Matlab R2010a Student Edition and Microsoft Excel. 

3.1 Pre-Processing 

The MODIS instrument is aboard two EOS (Earth Observing System) satellite 

platforms, Terra launched on December 18, 1999, and Aqua launched on May 4, 2002.  

Both are sun synchronous, polar orbiting satellites and have a combined temporal 

resolution of approximately four images per day.  Terra acquires night- and day-time data 

over Volcán de Colima between approximately 04:40 and 06:10 UTC and 17:00 and 

18:30 UTC, respectively.  Acquisition times for Aqua are between approximately 08:00 

and 09:30 UTC for nighttime data and 19:30 and 21:00 UTC for daytime data.   

MODIS has ten spectral bands within the thermal infrared spectrum that can be 

used for volcanic thermal anomaly detection, and have a spatial resolution of 1 km pixels 

(Wright et al., 2002a).  The hybrid algorithm uses MODIS bands 21 and 22 to measure 

the radiance emitted in the mid-infrared (MIR) portion of the electromagnetic spectrum.  

Both bands measure the same spectral interval, 3.929 to 3.989 µm, but have different 
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precisions (expressed as noise equivalent temperature difference) and saturation 

temperatures.  Band 22 has an accuracy of 0.07 K and saturates at 300 K while band 21 

has an accuracy of 2.00 K and saturation temperature of 335K.  Therefore, band 22 is 

used preferentially unless it saturates, after which band 21 is used.  Band 32 measures the 

spectral interval between 11.770 and 12.270 µm and is used by the hybrid algorithm to 

measure radiance emitted in the far-infrared spectrum.  It has an accuracy of 0.05 K and a 

saturation temperature of 300K. 

MODIS images acquired between February 24, 2000 and June 30, 2009, were 

downloaded from NASA’s Level 1 Atmosphere Archive and Distribution System 

(LAADS Web; http://ladsweb.nascom.nasa.gov).  More specifically, Terra and Aqua 

Level 1B Calibrated Radiance (MOD021KM and MYD021KM, respectively) and 

Geolocation (MOD03 and MYD03, respectively) HDF files from Collection 5 were 

downloaded.  The total number of MODIS images used is 11 826.  5 929 are nighttime 

images, and the remaining 5 897 are daytime images.  Night- and day-time images were 

run through the hybrid algorithm separately because of different thresholding 

requirements within the algorithm.  

The MOD021KM/MYD021KM files are geolocated using their corresponding 

MOD03/MYD03 geolocation files by a java program written by Harold Garbeil (HIGP, 

University of Hawai’i at Manoa).  The latitude-longitude grid defined in the geolocation 

files is reconstructed and projected over a given area of interest on the image.  In this case 

the area of interest, centred over the summit of Volcán de Colima, is defined by 20.1o and 

19.0o N, and 104.2o and 103.1o W (Figure 3.1a).  Additionally, this grid is oversampled to 

create pixels that are 0.5 km instead of the original MODIS spatial resolution of 1 km 
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Figure 3.1 Areas of interest used for the MODIS hybrid approach algorithm.  (a) MODIS pre-processing area of interest used for 
georeferencing and creating reference images.  This area of interest is approximately 13 963 km2.  The location of the 
Colima Volcanic Complex (CVC), and the summit of Volcán de Colima are marked on this image.  (b) CVC area of 
interest used to determine the MODVOLC NTI thresholds.  This area of interest is approximately 847 km2.  (c) Original 
GOES area of interest that is used in the change detection step (step 3) of the hybrid approach algorithm.  This area of 
interest is approximately 79 km2. 
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pixels (Koeppen et al., 2010).  Next the HDF files are imported and converted to 

ENVI/IDL format.  The result of the pre-processing step is a time ordered stack of 

georeferenced images for bands 22, 21, and 32. 

3.1.1 Cloud Screening Method 

Clouds absorb thermal radiation emitted by the Earth’s surface thereby preventing 

hot spot detection by the spectroradiometer (Perogla et al., 2004).  Furthermore, clouds 

are characterized by high solar reflection (Ackerman et al., 1998) which may result in 

false hot spot detection (Tramutoli, 1998; Harris et al., 2001a; Pergola et al., 2004).  For 

these reasons, many hot spot algorithms, including the RST approach (Tramutoli, 1998), 

remove cloudy images in the pre-processing step.  However, algorithms such as 

MODVOLC (Wright et al., 2002a, 2004) and the hybrid approach include cloudy images 

because clouds are difficult to detect reliably (Platnick et al., 2003; Koeppen et al., 2010).  

Two methods of cloud detection were applied to the MODIS images used in this 

study:  1) using the MODIS 1 km cloud mask data; 2) manual cloud classification.  The 

MODIS cloud mask is a MODIS Atmosphere product.  The cloud mask 

MOD35_L2/MYD035_L2 HDF files for the area over Volcán de Colima were 

downloaded from LAADS Web.  The MODIS cloud mask uses numerous spectral tests 

and thresholds to determine the presence of different types of cloud (Ackerman et al., 

1998).  The confidence in the results of the tests is dependent on how close the test results 

are to the threshold (i.e., as the results approach the threshold, the confidence in the result 

decreases) (Ackerman et al., 1998).  Bit 0 in the HDF file indicates whether or not the 

cloud mask algorithm was executed on the image.  The algorithm is not applied if any 

required radiances are missing or are outside of an acceptable range (Ackerman et al., 
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1998).  Bits 1 and 2 hold the results of the cloud mask and the corresponding confidence 

in the result (e.g., confident cloudy, probably cloudy, probably clear, and confident clear; 

Ackerman et al., 1998; Platnick et al., 2003).  The advantage of the automatic cloud mask 

is that it is time efficient, and is based on the radiance data versus interpretation.  

However, the cloud mask is a global algorithm and is therefore designed to detect cloud 

under different conditions and environments (e.g., land cloud versus sea cloud; Ackerman 

et al., 1998; Platnick et al., 2003).  Non-vegetated surfaces, surfaces that transition from 

no ground cover (i.e., bare ground) to vegetated ground cover, areas of high elevation, 

and areas that experience strong temperature inversions at night are all known areas of 

weakness for the MODIS cloud mask (Platnick et al., 2003).  Some of these conditions 

are present at Volcán de Colima including: high elevation (e.g., Volcán de Colima is 

3860 m above sea level, and Nevado de Colima is 4255 m above sea level), the upper 

most portion of the edifice is covered by pyroclastic material and lava flows (i.e., not 

vegetated) while the lower flanks are vegetated. 

The manual cloud classification method requires the user to examine each image 

and classify it as clear, partially cloudy, or cloudy.  Manual classification of all images 

was conducted on the same day, sequentially moving through all the daytime images then 

all the nighttime images.  This method was employed to minimize classification biases 

that arise because of the subjective nature of manual classification.  The advantage of this 

method is that the user, with knowledge of the area and climate, decides whether or not 

an image is obscured by cloud.  The disadvantages of manual classification are that it is 

labour intensive, and that it introduces human error and subjectivity into the process.  

Furthermore, certain types of thin cloud my not be detected; however, some radiance 
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emitted from the Earth’s surface may be detected through thin or partially cloudy skies 

(Marchese et al., 2011)  

The MODIS cloud mask and manual classification were applied to night- and 

day-time images separately, and the results from both methods were compared.  To do so 

the MODIS cloud mask results were reclassified using the manual classification scheme.  

Confident cloudy was reclassified as cloudy, probably cloudy and probably clear were 

classified as partly cloudy, and confident clear was reclassified to clear.  The two 

methods were compared based on the percentage of cloud classifications that agreed and 

the percentage of classifications that disagreed. 

3.1.2 Cloud Screening Results 

11 823 MODIS atmosphere level 2 images (MOD35_L2 and MYD35_L2) were 

downloaded from LAADS Web.  5928 were nighttime images, and 5895 were daytime 

images.  The results of the MODIS cloud mask and manual classification are displayed in 

MODIS cloud mask and manual cloud classification results.xls in Appendix 1.  Of the 11 

823 images, two (one nighttime and one daytime) were classified as undetermined by the 

MODIS cloud mask (i.e., the algorithm was not run on those images).  The MODIS cloud 

mask classified night- and day-time images as cloudy 43.1% and 56.7% of the time; 

partly cloudy 15.1% and 0.4% of the time; and clear 41.8% and 42.9% of the time, 

respectively.  Manual classification classified night- and day-time images as cloudy 

33.0% and 20.5% of the time; partly cloudy 37.8% and 43.5% of the time; and clear 

29.1% and 36.0% of the time, respectively.  This indicates that the MODIS cloud mask 

primarily classifies images as cloudy or clear.  If this method was relied on for discarding 

cloudy images from the data set, it is likely that images with partly cloudy conditions, 
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where radiance from a hot volcanic emitter may still be transmitted to the sensor, would 

be discarded; thereby significantly reducing the size and temporal resolution of the data 

set. 

Next, results from the MODIS cloud mask were compared to the results of the 

manual classification (Figure 3.2).  The classification, by the two methods, was in 

agreement in 72.4% of the nighttime images, but only 52.4% of the daytime images.  

Three types of disagreement, between the two classification methods, exist for the 

remaining images: 1) images were classified as cloudy and partly cloudy; 2) images were 

classified as partly cloudy and clear; and 3) images were classified as cloudy and clear.  

Type 3 represents the largest discrepancy between the two classification methods.  This 

type of disagreement happened in 0.4% of the nighttime images (where 50% of the time 

the MODIS cloud mask classified the image as cloudy) and in 4.1% of the daytime 

images (where 94.4% of the time the MODIS cloud mask classified the image as cloudy).  

Type 1 disagreements occurred 12.1% of the time in nighttime images with the MODIS 

cloud mask classifying the image as cloudy 91.2% of the time.  Whereas the type 1 

disagreement occurred 32.7% of the time in daytime images, in 99.9% of those the 

MODIS cloud mask identified the image as cloudy.  Type 2 disagreements occurred in 

16.2% of the nighttime images, of these the MODIS cloud mask classified 87.7% of the 

images as clear.  For daytime images, type 2 disagreements occurred 10.8% of the time, 

the MODIS cloud mask classified 98.9% of these as clear.   

Comparison of the two methods shows that, not only do the classification 

methods agree more often in nighttime imagery, type 3 disagreements (e.g., cloudy 

versus clear) occur less often.  This indicates that nighttime cloud classification may be 
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Figure 3.2 MODIS cloud mask versus manual cloud classification for:  (a) daytime 
images over Volcán de Colima; (b) nighttime images over Volcán de Colima.  
For type 1 disagreements:  cloudy versus partly cloudy (red), the MODIS 
cloud mask classifies the image as cloudy 99.9% of the time in daytime 
images, and 91.2% of the time in nighttime images.  For type 2 
disagreements: partly cloudy versus clear (purple), the MODIS cloud mask is 
clear 98.9% of the time in daytime images, and 87.7% in nighttime images.  
For type 3 disagreements:  cloudy versus clear, the MODIS cloud mask is 
cloudy 94.4% in daytime images, and 50% in nighttime images. 
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more reliable than daytime classification.  However, without detailed weather data over 

the summit of Volcán de Colima this cannot be verified.  Unfortunately, due to the size of 

the data set as well as a lack of weather data at the summit of Volcán de Colima, this 

verification was not carried out. 

 All images are kept in the MODIS data set, following the procedure outlined by 

the hybrid approach (Koeppen et al., 2010).  The images remain in the data set regardless 

of the results of both cloud classification methods because the cloud classifications have 

not been verified, and because of the transient nature of cloud.  MODIS cloud 

classifications cannot be applied to the GOES data set because of the higher temporal 

resolution of GOES; a clear or cloudy MODIS image is not indicative of the cloud 

conditions in all GOES images.  For example, there may be multiple clear GOES images 

between two cloudy MODIS images. Moreover, Colima, Mexico has a wet season that 

occurs approximately from June to October; these periods can be coarsely identified 

using rainfall data and excluded from the statistical evaluation.  

3.2 Reference Image Creation 

Reference images are created to characterize the normal background radiance of 

each pixel under specific temporal conditions.  The hybrid approach uses MODVOLC to 

remove pixels with outlying radiance values (e.g., pixels that contain hot volcanic 

activity).  The radiance from flagged MODVOLC pixels is not used to calculate the 

normal background radiance (i.e., non-volcanic) in the reference images. To apply 

MODVOLC within the hybrid approach algorithm, NTI thresholds specific to Volcán de 

Colima are determined. 
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3.2.1 MODVOLC – NTI Thresholds 

A MODVOLC Normalized Thermal Index (NTI) threshold is used in the hybrid 

approach to identify thermal anomalies and to flag the hot pixels so that they are not used 

in the creation of the RST reference images (Koeppen et al., 2010).  The NTI is 

calculated using: 

𝑁𝑇𝐼 =
22− 32
22+ 32 

where 22 is the radiance measured in band 22 (or band 21 if band 22 is saturated), and 32 

is the radiance measured in band 32 (Wright et al., 2002a, 2004).  NTI thresholds specific 

to Volcán de Colima were chosen instead of using the global threshold, -0.80 (Wright et 

al., 2002a, 2004), to increase the sensitivity of the algorithm while limiting false 

positives.  Furthermore, two different NTI thresholds were chosen for night- and day-

time images. 

Separate night- and day-time NTI threshold are determined because the affect of 

solar reflection and solar heating on the radiance, measured by the satellite-mounted 

spectroradiometer, is greater during the daytime. Thus, the normal background (i.e., non-

volcanic, fire, or industrial emitters) radiance of the surface is higher during the day than 

the night.  The contrast between hot emitters, such as volcanic activity, and the normal 

background radiance is therefore decreased during the day. To accommodate this affect, a 

more conservative MODIVOLC NTI threshold is required to reduce the number of false 

detections. 
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3.2.1.1 Method 

To determine the appropriate MODVOLC NTI thresholds, the entire MODIS data 

set was divided into night- and day-time data sets.  The daytime data set was further 

divided into a Terra and an Aqua data set in order to examine if the NTI threshold is 

affected by the additional solar heating during the 1 to 4 hours between Terra and Aqua 

image acquisition. 

The MODVOLC algorithm was applied first to the area of interest defined in the 

pre-processing step (19.0o to 20.1o, and -104.2o to -103.1o; Figure 3.1a), then to a smaller 

area of interest covering the Colima Volcanic Complex (Figure 3.1b).  The large pre-

processing area of interest (approximately 13 963 km2) includes a number of urban areas, 

including Colima City and Ciudad Guzman.  These urban areas may have industrial 

centres that could be identified as hot spots.  Therefore, the second smaller area of 

interest (approximately 847 km2) over the Colima Volcanic Complex was also evaluated. 

The MODVOLC algorithm was applied using a series of NTI thresholds for each 

data set and area of interest.  The nighttime thresholds tested for both areas of interest are 

-0.75 to -0.85.  The daytime thresholds tested for both areas of interest are -0.55 and -

0.60 to -0.70. The MODVOLC algorithm outputs hot spot detection results on an image 

and monthly basis.  The outputs for each NTI threshold tested include:  total, minimum, 

maximum, and mean number of alerts.  The total number of alerts for the whole data set 

was determined by totalling the number of alerts detected per month for all 113 months 

of data, the same was done for the image data.  The minimum and maximum number of 

alerts represent the smallest and largest number of alerts found in one month or one 

image.  The mean number of alerts for the monthly data set was determined using the 
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mean number of alerts per month for all 113 months (i.e., 

𝑚𝑒𝑎𝑛 =   𝑚𝑒𝑎𝑛!"#$!" +   𝑚𝑒𝑎𝑛!"#$!" +⋯+   𝑚𝑒𝑎𝑛!"#$!""# 113).  The mean for the 

image data was calculated using all of the images processed in each nighttime, daytime, 

and daytime-Terra, and daytime-Aqua data sets.  The difference between the results for 

consecutive thresholds (e.g., n-0.61-n-0.60) was then calculated and plotted to determine the 

appropriate threshold to be used for each data set. 

3.2.1.2 Results 

The MODVOLC results for both the MODIS pre-processing area of interest and 

the Colima Volcanic Complex area of interest are shown in Table A3.1 and A3.2 

(Appendix 3), respectively.  The total number of alerts column represents the total 

number of alerts detected for the entire data set, therefore the values should be and are the 

same for both the alerts per month and the alerts per image data, for each NTI threshold.  

However, the minimum, maximum, and mean number of alert columns are based on the 

number of alerts detected on a per image basis or compiled for each month of the data set.  

The minimum number of hot spot alerts detected is zero for all thresholds.  A minimum 

of zero alerts means that there are images and months where no volcanic activity, or other 

types of hot spots, is detected.  This result is expected because between the end of the 

1998-1999 eruptive episode and the beginning of the 2001-2003 eruptive episode Volcán 

de Colima experienced little to no volcanic activity.  Furthermore, even though Volcán de 

Colima has experienced steady Vulcanian eruptive activity, two to ten explosions per 

day, since 2003 (Varley et al., 2010a), these eruptions may not be detected.  If MODIS 

image acquisition does not occur in close temporal proximity to an explosion, the 

eruption may not be detected because the hot eruptive products have cooled.  Therefore, 
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it is possible to have zero alerts, especially on a per image basis, even during volcanically 

active periods.  Larger maximum and mean values are expected for the monthly data than 

for the per image data due to the larger time period.  The data in Tables A3.1 and A3.2 

reflect these expectations. 

Next, the difference between the total number of alerts, maximum number of 

alerts, and mean number of alerts was calculated for consecutive thresholds (e.g., n-0.61-n-

0.60, n-0.62-n-0.61, etc.).  Tables A3.3 and A3.4 show the results for the MODIS pre-

processing and the Colima Volcanic Complex area of interests, respectively.  All of the 

threshold difference results were plotted on line graphs, and showed similar results for 

both areas of interest; however, the Colima Volcanic Complex area of interest is 

examined more closely because it considers only the area around the volcano.  The 

results from the monthly and per image data also closely track each other as would be 

expected because they are counting the same hot spots.  For this reason, the total number 

of alerts per month data is shown in Figures 3.3 and 3.4.   

Figure 3.3 shows the number of nighttime alerts detected by MODVOLC on a 

monthly basis.  The graph that shows the difference in the maximum number of alerts 

detected in a month for each consecutive threshold does not display a recognizable trend 

(Figure 3.3b).  However, the graphs displaying the difference in the total number of alerts 

(Figure 3.3a) and the mean number of alerts (Figure 3.3c) do display a trend where the 

difference increases with a decreasing NTI threshold.  The slope of line on both Figures 

3.3a and 3.3c increases gradually between n-0.71-n-0.70 and n-0.81-n-0.80, with a small 

decrease at n-0.77-n-0.76.  The slope of the line in both graphs (Figure 3.3a and c) becomes 

steeper between n-0.81-n-0.80 and n-0.82-n-0.81, with the largest slope increase occurring 
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Figure 3.3 Alerts (thermal anomalies) detected by MODVOLC in the nighttime MODIS 
data using the CVC area of interest.  (a) The difference in total number alerts 
detected, for the entire nighttime data set, using successive NTI thresholds.  
(b) The difference in the maximum number of alerts detected in one month 
using successive NTI thresholds.  (c) The difference in the mean number of 
alerts (calculated using the monthly mean for each of the 113 months of data) 
resulting from successive NTI thresholds.  -0.82 was chosen as the nighttime 
NTI threshold. 
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between n-0.83-n-0.82 and n-0.84-n-0.83.  The nighttime MODVOLC NTI threshold was thus 

chosen as -0.82 because it occurs before the largest increase in slope, and therefore before 

a large increase in the number of hot spot alerts detected. 

The corresponding daytime graphs are shown in Figure 3.4.  All of the graphs, 

including the difference in the maximum number of alerts, show a similar pattern for both 

Terra (Figure 3.4a) and Aqua (Figure 3.4b) data sets.  All show an overall gradual 

increase in slope, with a decreasing threshold, until n-0.68-n-0.67 when the slope increases 

significantly in all graphs.  This observation indicates a threshold of -0.68 would be 

appropriate.  However, -0.67 was chosen as the daytime MODVOLC NTI threshold due 

to the increased possibility of false hot spot detections during the day due to solar 

warming of the ground surface and solar reflection.  Furthermore, the slope between n-

0.67-n-0.66 and n-0.68-n-0.67 is small for the Aqua data set, and is negative for the Terra 

data set.  Therefore, the affect of choosing a more conservative NTI threshold on the 

sensitivity of the algorithm should be negligible.  The NTI threshold is the same for both 

Terra and Aqua therefore the two daytime data sets are combined into one daytime data 

set from this point on in the algorithm. 

Thus based on the evaluation above, MODVOLC is applied as part of step 2 of 

the hybrid approach algorithm with a nighttime NTI threshold of -0.82 and a daytime 

NTI threshold of -0.67.   
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Figure 3.4 Alerts (thermal anomalies) detected by MODVOLC in the daytime MODIS 
(a) Terra and (b) Aqua data using the CVC area of interest.  (i) Is the 
difference in total number alerts detected, for the daytime data set, using 
successive NTI thresholds.  (ii) Is the difference in the maximum number of 
alerts detected in one month using successive NTI thresholds.  (iii) The 
difference in the mean number of alerts (calculated using the monthly mean 
for each of the 113 months of data) resulting from successive NTI thresholds.  
-0.67 was chosen as the daytime NTI threshold.  Note that the (a) Terra and 
(b) Aqua graphs do not have the same scale. 
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3.2.2 Reference Images 

3.2.2.1 Method 

After the MODIS images are pre-processed, reference images are created.  The 

reference images characterize the normal band 22, non-volcanic, background radiance of 

each pixel in the MODIS pre-processing area of interest by calculating the mean radiance 

and standard deviation of each pixel.  A set of reference images (i.e., a median, mean 

absolute deviation, mean, and standard deviation image) is created for groups of data 

defined by temporal conditions.  In this case a total twenty-four sets of reference images 

were created, one set was created for each month of the year for both night- and day-time 

images.  For example, the set of reference images created for the nighttime-January 

temporal condition uses all of the nighttime data (from both Terra and Aqua platforms) 

collected in the month of January between 2001 and 2009.   

Before the sets of reference images are created, the algorithm applies MODVOLC 

to each image using the night- and day-time NTI thresholds of -0.82 and -0.67, 

respectively.  This step removes pixels with anomalous radiances that do not reflect the 

normal ambient radiance over the MODIS pre-processing area.  The radiances from 

images with the MODVOLC alarmed hot spots pixels removed are then used to create 

day- and night-time reference image sets for each month of the year.  Koeppen et al. 

(2010) showed that approximately 80 images are required to create reliable reference 

images.  Each reference image for the Volcán de Colima data set was created using 30 

images per month (one Terra image per day or night) between February 2000 and May 

2002, and 60 images per month (one Terra and one Aqua image per day or night) 

between May 2002 and June 30, 2009.  Therefore, up to approximately 495 images were 
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used to create the MODIS reference images, thus creating stable reference images to be 

used in the ALICE calculation of Step 3. 

3.3 Change Detection – Application of ALICE 

3.3.1 Method 

Step 3 of the hybrid approach (Koeppen et al., 2010) uses the Absolutely Local 

(in space and time) Index of Change of the Environment (ALICE), developed for the 

RST approach, to detect if a change in a pixel’s radiance falls outside of its natural 

variation and is therefore anomalous (Tramutoli, 1998, 2007; Pergola et al., 2004, 2009).  

ALICE is calculated for each pixel of every image using: 

⊗(!,!,!)=
[𝑉(!,!,!) −   𝜇!(!,!)]

𝜎!(!,!)
 

where ⊗(!,!,!) is the ALICE index at pixel x,y at image time t; V(x,y,t) is the band 22 (or if 

it is saturated, band 21) radiance of pixel x,y at image time t; µV(x,y) and σV(x,y) are the band 

22 mean radiance and standard deviation, respectively, of pixel x,y of the reference image 

that the image time t corresponds with (Tramutoli, 1998).  A pixel is considered 

anomalous if it falls above a user-set threshold.  The value of the ALICE index reflects 

the relative intensity of the thermal anomaly and corresponds to statistical confidence of 

the thermal anomaly (Pergola et al. 2004; Koeppen et al., 2010; Marchese et al., 2011).  

The ALICE index indicates the intensity of an anomaly because the hotter the anomaly 

the greater the measured pixel radiance, which increases the number in the numerator 

thereby increasing the value of the ALICE index.  The ALICE values of 2.0, 2.6, 3.0, 

3.29, and 4.0 correspond to statistical confidences of 95.4%, 99.0%, 99.7%, 99.9%, and 
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99.99%, respectively (Koeppen et al., 2010).  If a pixel’s ALICE value is greater than the 

threshold then the pixel is considered thermally anomalous compared to its normal 

background radiance.  

Lowering the ALICE threshold allows for the detection of less intense, lower 

temperature anomalies; however, it may also lead to false detection of thermal anomalies.  

Pergola et al. (2004) and Marchese et al. (2011) used a threshold of 3.0 to detect thermal 

anomalies with AVHRR data on Mount Etna with few false alarms.  Pergola et al. (2009) 

used a threshold of 2.0 to detect possible thermal precursors to eruptive events at Mount 

Etna.  Finally, Koeppen et al. (2010) concluded that an ALICE threshold of 2.0 led to 

many false detections at all their study sites (Kīlauea volcano, Hawai’i; Antahan volcano, 

Marianas Island Arc; and the Cantarell oil field in the Gulf of Mexico) while a threshold 

of 2.6 was found to be appropriate for Antahan volcano, it did not eliminate false 

detections at all sites.  Therefore, a global ALICE threshold of 3.0 was determined to be 

appropriate to eliminate known false detections at all three sites. 

Using the previous studies (Pergola et al., 2004, 2009; Koeppen et al., 2010; 

Marchese et al., 2011) as a guide, the algorithm was applied to the Volcán de Colima 

study area using ALICE thresholds of 2.0, 2.6, 3.0, 3.29, and 4.0.  Furthermore, an area 

of interest, equivalent to the original GOES area of interest (Figure 3.1c), was applied at 

this point in the algorithm.  The application of an area of interest deviates from the hybrid 

approach described by Koeppen et al. (2010); however, the hybrid approach was 

developed as a global algorithm and in this study it is being customized for optimal 

thermal anomaly detection at Volcán de Colima.  Furthermore, the area of interest 
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eliminates any false detection caused by urban or industrial areas present in the larger 

MODIS pre-processing area. 

The hybrid algorithm outputs the ALICE results in two sets of data.  The first set 

that is output is an alert data set.  Alerts are pixels that have been flagged as thermally 

anomalous by either MODVOLC or ALICE (Koeppen et al., 2010).  The outputs for the 

alert data set include: the total of the number of alerts per image, and per month; the 

average number of alerts per image in a month; and an image for each month of data that 

shows the spatial distribution of the number of alerts.  The second set of data is the 

amount of excess radiance (W m-2 µm-1) emitted by the alerts.  The excess radiance is the 

total radiance of the alerted pixel minus the mean radiance (from the mean reference 

image) for the same pixel.  The excess radiance outputs include:  the total excess radiance 

for each image (i.e., the total excess radiance of all alerts in an image); the average excess 

radiance per month; and an image for each month of data that shows the spatial 

distribution of the average excess radiance for each pixel that month. 

The hybrid approach algorithm was applied to the night- and day-time data using 

the original GOES area of interest and ALICE > 2.0, > 2.6, > 3.0, > 3.29, and > 4.0 

thresholds.  The alert and excess data were exported from IDL 7.0 into Matlab 2010a 

Student Edition using text files and the results were analysed to determine the difference 

between the night- and day-time for each ALICE threshold.  The ALICE thresholds were 

then compared using the entire MODIS data set (night- and day-time images) to 

determine the optimal ALICE threshold(s), to balance between sensitivity and false 

detections, for Volcán de Colima.  Finally, the MODIS data was structured so that it 

could be combined with the GOES data for all ALICE thresholds. 
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The hybrid algorithm was applied to both the day- and night-time MODIS data 

sets using all five ALICE thresholds (MODIS_day ALICE results.txt and MODIS_night 

ALICE results.txt, Appendix 1).  The difference between the night- and day-time results 

for each ALICE threshold was examined by creating a graph for each threshold where the 

total excess radiance for each day- and night-time image was plotted.  The monthly 

excess radiance images were also examined to determine the number of months that have 

night- versus day-time thermal anomalies for ALICE > 2.6, and 3.0. 

Next, the night- and day-time results for each of the five ALICE thresholds were 

combined (combinemodis.m, Appendix 2) and three versions of this combined MODIS 

data set were created.  The first was the combined image data set, with a data point for 

the total number of alerts and excess radiance for each image.  The second version 

summed the total number of alerts and the total excess radiance for all images that were 

acquired in the same hour of each day (sumhours.m, Appendix 2).  The third version 

summed the total number of alerts and the total excess radiance for all images acquired in 

each day (sumdays.m, Appendix 2).  The hourly and daily data are representative of the 

image data, but not as cumbersome to manipulate and can be compared with other hourly 

and daily data sets.   

The appropriate ALICE threshold was then determined.  First, the excess radiance 

of successive ALICE threshold are subtracted: 

ΔE!"#$%&!!"#$%&   =   excess  radiance!"#$%&  –   excess  radiance!"#$%& 

where ΔEALICE1-ALICE2 is the excess radiance of the lower ALICE threshold minus the 

excess radiance of the higher ALICE threshold (e.g., ΔE2.0-2.6, etc.).  The ΔEs are graphed 

together and compared (e.g., ΔE2.0-2.6 and ΔE2.6-3.0, etc.).  Then, if necessary, two ALICE 
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thresholds may be compared more closely by graphing their daily total excess radiances 

versus time.  The daily excess radiance results, of the chosen ALICE threshold, are then 

compared with the documented eruptive episodes since 2000 (Varley et al., 2010a).  

More detailed comparison of documented activity for the 2004-2005 eruptive episode 

(Varley et al., 2010a; Arámbula-Mendoza et al., 2011) is completed using the monthly 

excess radiance images in addition to the daily excess radiance results.  

3.3.2 Results 

The hybrid algorithm was applied to day- and night-time data separately for each 

ALICE threshold (i.e., 2.0, 2.6, 3.0, 3.29, and 4.0).  The excess radiances for each night- 

and day-time image is plotted for each ALICE threshold in Figure A4.1 (Appendix 4).  

Overall, the ALICE threshold appears to have less of an affect on the nighttime 

detections than on the daytime detections.  While the number of detections and their 

corresponding excess radiance may differ, the overall distribution of thermal anomalies in 

nighttime images remains relatively constant with all of the ALICE thresholds.  In 

contrast, the number and the excess radiance of daytime thermal detections noticeably 

decreases with increasing ALICE thresholds, particularly between ALICE > 2.0 and 

ALICE > 2.6.  There are periods of time when clusters of daytime anomalies do not have 

corresponding nighttime anomalies.  While in some cases this may be due to the accurate 

detection of volcanic thermal activity, the abundance of these periods in the ALICE > 2.0 

graph (Figure A4.1a) suggests that solar heating and solar reflection together with the low 

threshold may be causing false daytime detections.  The number of daytime alerts in 

ALICE > 2.6 (Figure A4.1b) is significantly reduced, particularly during periods of time 

where there are minimal to no nighttime alerts (e.g., April, May, July and December 
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2000; February to April 2001; October and November 2007; January to June 2008, 

November, December 2008; and January to June 2009).  The application of an ALICE > 

3.0 threshold (Figure A4.1c) further reduces the number and the excess radiance of 

daytime alerts that occur with minimal to no corresponding nighttime alerts.  Using an 

ALICE >3.29 threshold (Figure A4.1d), there are only three times when daytime alerts 

occur without corresponding nighttime alerts (e.g., April and May, 2000, May 2003, and 

May and June, 2008) and the excess radiances are small.  Additionally, between 

November 2006 and January 2007 nighttime alerts now occur without corresponding 

daytime alerts.  Figure A4.1e shows the results of ALICE > 4.0; using this threshold, the 

daytime alerts in May 2003 and June 2008 are no longer detected and nighttime alerts 

without corresponding daytime alerts occur during two additional time periods, 

November and December, 2003, and October and December 2005, January and March 

2006. 

The results of ALICE > 2.6 and ALICE > 3.0 are further explored by examining 

the number of months that have thermal anomaly detections.  Nighttime thermally 

anomalous detections occur 46 out of 113 months using ALICE > 2.6 and in 43 out of 

113 months using ALICE > 3.0.  Daytime thermally anomalous detections occur in 74 

out of 113 months using ALICE > 2.6 and in 48 out of 113 months using ALICE > 3.0.  

This result reiterates that the changes in the temporal distribution of nighttime alerts 

between ALICE thresholds are minor compared to the changes in the temporal 

distribution of daytime alerts. 

The spatial distribution of the thermal anomalies detected with respect to the 

summit crater of Volcán de Colima, using the ALICE > 3.0, are displayed on the monthly 
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average excess radiance night- and day-time images in Figures A4.2 and A4.3.  The 

nighttime excess radiance anomalies (Figure A4.2) are well centred over the summit 

crater.  The daytime excess radiance anomalies (Figure A4.3) are often, but not always, 

centred over the summit crater.  While some of the detections not centred over the crater 

may be false alarms, others may be a result of hot pyroclastic material or lava flows on 

the flanks of the volcano. 

The comparison of the night- and day-time data for the five ALICE thresholds 

indicates that increasing the threshold affects the daytime detections more than the 

nighttime detections.  The temporal occurrence of night- and day-time detections, using 

ALICE of 2.6, 3.0, 3.29, and 4.0, appear to visually correlate.  The occurrence of daytime 

detections without corresponding nighttime detections occurs using ALICE thresholds 

2.6 and 3.0.  However, increasing the ALICE threshold to 3.29 and 4.0 causes fewer 

daytime detections resulting in occurrences of nighttime detections without 

corresponding daytime detections.  This initial evaluation indicates an ALICE threshold 

of 3.0 is best suited to Volcán de Colima.  

Next, the night- and day-time data were combined into one data set for each 

ALICE threshold.  The result was a time ordered MODIS data set that included the year, 

ordinal day, hour, and minute that the image was acquired and the corresponding total 

number of alerts and excess radiance for each image determined using each ALICE 

threshold (MODIS_combined ALICE results.txt, Appendix 1).  The time series image 

data was used to create an hourly (MODIS_combined ALICE results_summed by 

hour.txt, Appendix 1) and a daily (MODIS_combined ALICE results_summed by day.txt, 

Appendix 1) time series by summing the values during each hour or day for both total 
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number of alerts and total excess radiance.  This method allows for easier event 

correlation and is later used to compare the satellite data with other time series data of 

differing temporal resolutions.  Figure A4.4 shows the image and the daily time series of 

the ALICE > 3.0 MODIS data.  The daily time series is representative of the image data 

set but with less noise. 

Using the combined night and day daily MODIS data set, the ALICE results were 

examined. The ALICE thresholds are compared by graphing ΔEs together (e.g., ΔE2.0-2.6 

and ΔE2.6-3.0, etc.) where ΔEALICE1-ALICE2 is the excess radiance of the lower ALICE 

threshold minus the excess radiance of the higher ALICE threshold (e.g., ΔE2.0-2.6, etc.).  

The difference between the ΔE graphs (Figure A4.5) tends to decrease with an increasing 

ALICE threshold.  Overall, there is less of a difference between ΔE2.6-3.0 and ΔE3.0-3.29 

(Figure A4.5b) than there is between ΔE2.6-3.0 and ΔE2.0-2.6 (Figure A4.5a); and there is 

very little difference between ΔE3.29-3.0 and ΔE3.29-4.0 (Figure A4.5c).  This indicates that 

there is relatively little difference in the excess radiance resulting from ALICE 3.0, 3.29, 

and 4.0 thresholds; therefore, ALICE > 3.0 would be a good conservative threshold while 

ALICE > 2.6 would be less conservative.  These two thresholds are examined more 

closely in Figure 3.5 where their daily excess radiances are plotted together.  The excess 

radiance of ALICE > 3.0 and ALICE > 2.6 visually correlate well, with generally less 

excess radiance resulting from the ALICE > 3.0 threshold.  There are a few instances 

where there is a small amount of excess radiance detected using ALICE > 2.6, but no 

excess radiance detected using ALICE > 3.0 (e.g., 2001).  

 Figure A4.6 shows the eruptive episodes that have occurred at Volcán de Colima 

between 2000 and 2009 superimposed over the daily excess radiance values from 
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Figure 3.5 The daily excess radiance from ALICE > 2.6 (green) and ALICE > 3.0 (red) thresholds.  Excess radiance, and therefore 
thermal anomalies, are detected during most of the same days with the exception of the anomalies detected by ALICE > 
2.6 in late-2000, in 2001, late-2007, and in 2008.  The excess radiances detected using ALICE > 3.0 are generally less than 
those detected by ALICE > 2.6. 
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thermally anomalies detected using ALICE thresholds 2.6 and 3.0.  The excess radiances, 

from both ALICE thresholds, are clearly lower during slow eruptive episodes (e.g., 2001-

2003, and 2007-2009) and higher during fast effusive episodes (e.g., 2004-2005).  

However, more anomalies are detected using the lower threshold during slow effusive 

episodes (e.g., 2001, and 2007-2009).  Excess radiance is measured, using both ALICE 

thresholds, during periods that do not fall within a defined eruptive episode; these 

detections may be related to Vulcanian explosions that have occurred 2 to 10 times per 

day since 2003 (Varley et al., 2010a).  

 The ALICE > 3.0 threshold results are further verified using the 2004-2005 

eruptive episode (Figure 3.6).  Rapid effusion of a lava dome (> 5 m3 s-1) began on 

September 25, 2004 (Varley et al., 2010b; Arámbula-Mendoza et al., 2011) and by 

September 30, 2004, the lava dome had filled the summit crater of Volcán de Colima 

(Arámbula-Mendoza et al., 2011).  The effusive event continued until December 2004 

resulting in lava flows on the north (~2400 m long) and northwest flanks (~600 m long) 

of the volcano (Arámbula-Mendoza et al., 2011).  Figure 3.6 shows that the first thermal 

anomaly was detected on September 28, 2004, three days after the eruption commenced.  

The highest amount of excess radiance during the 2004 effusive eruption occurred on 

October 4, 2004, four days after the lava dome filled the crater.  The effusive event 

continued through October and November and ceased in December 2004 (Arámbula-

Mendoza et al., 2011).  The pattern observed in Figure 3.6 shows that the largest amount 

of excess radiance was detected in October 2004 and decreased in November and 

December 2004.  Furthermore, examination of the ALICE > 3.0 nighttime excess 

radiance images (Figure A4.2) shows an intense anomaly over the summit crater in 
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Figure 3.6 The combined night- and day-time data with an ALICE > 3.0, from both 
MODIS Terra and Aqua platforms, using the original GOES area of interest 
is shown for 2004 and 2005.  The image radiance is summed daily.  Box (a) 
shows the radiance that occurred between 2004/09/25 and 2004/12/31 during 
the effusive portion of the 2004-2005 eruptive episode.  Effusive activity was 
observed to begin on 2004/09/25 with lava dome growth inside the crater 
(Arámbula-Mendoza et al., 2011).  Lava dome collapses began on 
2004/09/30 causing incandescent avalanches down the north and northwest 
flanks, lava flow activity also began at this time (Arámbula-Mendoza et al., 
2011).  The first detection (1) of hot activity occurred on 2004/09/28.  The 
largest amount of excess radiance detected (2) during this period was on 
2004/10/04.  Lava flow activity ceased in December 2004 and explosive 
activity began in January 2005 (Arámbula-Mendoza et al., 2011).  Box (b) 
outlines the explosive portion of the 2004-2005 eruptive episode (2005/01/01 
to 2005/09/30).  Multiple moderate to large explosions occurred between 
2005/02/17 and 2005/09/27 (Varley et al., 2010a; Arámbula-Mendoza et al., 
2011) shown in Figure 3.7. 
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September 2004.  Effusion continued until December, the spatial distribution of the 

nighttime excess radiance in the images for October, November, and December, appears 

to be elongated the west-northwest.  This correlates with the direction of lava flow 

emplacement.  Furthermore, the spatial distribution of excess radiance in the daytime 

images (Figure A4.3) shows the same elongate pattern, but less exaggerated, in October 

2004.  The results of the ALICE > 3.0 threshold appear to qualitatively agree with the 

eruptive observations for the effusive event in 2004.  

The lava flows ceased in December 2004 and were followed by explosive and 

effusive activity that commenced in February 2005 and ended in September 2005 (Varley 

et al., 2010a; Arámbula-Mendoza et al., 2011).  This period is characterized by moderate 

to major Vulcanian explosions (i.e., VEI=1-2 and 2-3; Varley et al., 2010a) in addition to 

periods of dome effusion (Arámbula-Mendoza et al., 2011; Zobin et al., 2011).  The 

excess radiance in Figure A4.6 shows that thermal anomalies are detected often between 

January and June 2005.  Figure 3.7 shows the daily excess radiance detected during 2005 

as well as which detections correlate with documented larger eruptions.  Arámbula-

Mendoza et al. (2011) list thirty documented large eruptive events in 2005.  Thirteen (1 

through 13 in Figure 3.7) of the 30 large eruptive events correlate with thermal anomalies 

detected using ALICE >3.0.  Fifteen and nineteen of the thirty events are detected using 

ALICE > 2.6 and ALICE > 2.0, respectively.  There are also thermal anomalies that do 

not correlate with one of the listed large eruptions (a through ab in Figure 3.7).  

Uncorrelated anomalies may be related to smaller eruptions, or to previously erupted 

material that is still hot, or they may be false detections (Marchese et al., 2011).  

Examination of the nighttime ALICE > 3.0 monthly excess radiance images (Figure 
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Figure 3.7 Excess radiance detected in 2005 using both day- and night-time MODIS 
(both Aqua and Terra platforms) images, processed using the hybrid 
approach (Koeppen et al., 2010) using the original GOES area of interest and 
ALICE > 3.0.  Numbered events (1-13) correlate with the 30 events listed 
between 2005/02/17 and 2005/09/27 by Varley et al. (2010a) and Arámbula-
Mendoza et al. (2011).  13 out of the 30 events listed were detected using 
ALICE > 3.0;  15 out of 30 were detected using ALICE > 2.6; and 19 out of 
30 were detected using ALICE > 2.0.  Lettered events indicate thermally 
anomalous detections that do not correlate with the events listed by Varley et 
al. (2010) and Arámbula-Mendoza et al. (2011). 1 - moderate explosion on 
2005/02/17; 2 - major explosion on 2005/03/10; 3 - moderate explosion on 
2005/03/26; 4 - moderate explosion on 2005/04/12; 5 - moderate explosion 
on 2005/04/20; 6 - moderate explosion on 2005/05/04; 7 - major explosion 
resulting in pyroclastic flows on 2005/05/16; 8 - lava dome growth and a 
major explosion on 2005/05/04 and multiple moderate explosions on 
2005/05/25; 9 – major explosion resulting in pyroclastic flows on the western 
flank on 2005/05/30; 10 - lava dome growth with a major explosion on 
2005/06/02; 11 - major explosion on 2005/06/07; 12 – lava dome growth and 
a major explosion (at night) possibly resulting in a pyroclastic flow on 
2005/06/10; 13 - major explosion on 2005/07/27.  Days with thermally 
anomalous excess radiance that were detected without a correlating eruption 
are: a - 2005/01/09; b - 2005/01/17; c - 2005/01/21; d - 2005/01/28; e - 
2005/02/06; f - 2005/02/13; g - 2005/03/20; h - 2005/04/02; i - 2005/04/08 
and 2005/04/09; j - 2005/04/18; k - 2005/04/30; l - 2005/05/02; m - 
2005/05/06 and 2005/05/08; n - 2005/05/11; o - 2005/05/13; p - 2005/05/20; 
q - 2005/05/27; r - 2005/06/05; s - 2005/06/12; t - 2005/06/14; u - 
2005/06/21; v - 2005/10/16; w - 2005/10/22; x - 2005/10/27; y - 2005/11/07; 
z - 2005/12/05; aa - 2005/12/09; ab - 2005/12/30. 
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A4.2) show larger spatial distributions of thermal anomalies in May, June and July 2005.  

Examination of the daytime ALICE > 3.0 monthly excess radiance images (Figure A4.3) 

shows a moderately sized distribution of thermal anomalies in April 2005; two separate 

distributions of thermal anomalies in May 2005, one over the crater and one to the south-

southeast; and the largest spatial distribution of anomalies in June 2005.  Arámbula-

Mendoza et al. (2011) reported four moderate explosions in April; six moderate and four 

major explosions in May; one moderate and four major explosions in June, and one 

moderate and two major explosions in July, 2005.  Some of the major explosions resulted 

in pyroclastic flows.  The May 2005 daytime excess radiance image shows thermal 

anomalies over the crater area and on the south-southeastern flank; the SSE anomaly may 

be a due to major explosions on May 8, 2005 and/or May 16, 2005, that resulted in 

pyroclastic flows down the south flank and all flanks, respectively (Arámbula-Mendoza 

et al., 2011).  The July 2005 nighttime excess radiance image also has two spatial clusters 

of anomalies, one is positioned approximately over the crater and the other is east of the 

crater.  The eastern anomaly may correspond to pyroclastic flows on the southeastern 

flank of the volcano caused by a major explosion on July 5, 2005 (Arámbula-Mendoza et 

al., 2011). 

The results of the hybrid algorithm using an ALICE threshold of 3.0 detects the 

three different eruptive episodes that have occurred at Volcán de Colima between 

February 2000 and June 30, 2009.  Furthermore, it illustrates the onset and evolution of 

effusive activity between September and December 2004, as well as the explosive and 

effusive period between February and September 2005.  Many of the documented 

moderate and major explosions correlate with hot spots, indicated by the presence of 
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excess radiance, detected by the hybrid algorithm.  A conservative ALICE threshold of 

3.0 is used for the MODIS data set while ALICE > 2.6 is used as a less conservative 

threshold with the knowledge that it may include a greater number of false detections. 

3.4 Summary 

The hybrid approach (Koeppen et al., 2010) has been used to process the MODIS 

data.  In step 1, pre-processing, the data were organized into time-ordered, georeferenced 

image stacks for bands 22, 21, and 32 including cloudy images.  In step 2, reference 

image creation, night- and day-time NTI thresholds, -0.82 and -0.67 respectively, specific 

to Volcán de Colima were determined.  MODVOLC was then applied to each image 

using the appropriate NTI thresholds.  The radiance of the anomalously hot pixels flagged 

by MODVOLC was not used in the creation of the reference images.  Twenty-four 

reference image sets were created, one night- and one day-time set for each month of the 

year and these reference images characterize the normal background radiance (i.e., the 

mean) and natural variability (i.e., the standard deviation) for each pixel.  The normal 

background radiance and natural variability values for each pixel are then used in step 3 

within the ALICE calculation to determine if a pixel’s radiance is anomalous.  Step 3 was 

completed using the original GOES area of interest for night- and day-time images for 

ALICE thresholds of 2.0, 2.6, 3.0, 3.29 and 4.0.  Results showed that changing the 

ALICE threshold had more of an affect on the daytime data (i.e., the number of alerts 

detected and the corresponding excess radiance) than on the nighttime data.  The night- 

and day-time results were then combined and the ALICE thresholds were compared for 

the whole data set.  The difference in the number of alerts and the excess radiance 

decreased as the ALICE threshold was increased.  While ALICE > 2.0 had significantly 



 

 65 

more alerts with higher radiances than any of the ALICE > 2.6 threshold, there was 

relatively little difference in the amount of excess radiance detected using ALICE > 3.0, 

3.29, and 4.0. The results of the ALICE > 3.0 were verified using documented activity 

during the 2004-2005 eruptive episode.  Two ALICE thresholds may therefore be 

confidently used for the MODIS data, one that is less conservative, ALICE > 2.6, and 

likely contains more false detections, and one that is more conservative, ALICE > 3.0. 
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4: GOES Algorithm:  Methods and Results 

The second satellite data set used to detect volcanic hot spots in this thesis is 

GOES.  The algorithm used to identify thermal anomalies follows the hybrid approach 

described by Koeppen et al. (2010).  The three step process outlined by both the RST and 

hybrid approach is used (i.e., 1) image pre-processing; 2) reference image creation; 3) 

change detection using ALICE) (Tramutoli, 1998, 2007; Pergola et al., 2004, 2009; 

Koeppen et al., 2010).  As with the MODIS data, all images, including cloudy images, 

were included in the processed data set.  The MODVOLC algorithm was used to remove 

outlying radiance values before the reference image creation instead of an iterative k-σ 

clipping filter and fixed-point discarding mask used in the RST approach (Tramutoli, 

1998; Pergola et al., 2004) because Koeppen et al. (2010) found that the k-σ clipping 

filter was ineffective over areas where cloudy data is common.  Finally, mid-infrared 

radiance (GOES band 2) was used to calculate the ALICE index. 

The algorithm was written and applied to the GOES data set over Volcán de 

Colima by Eric Pilger (at the HIGP, University of Hawai’i at Manoa).  The resulting data 

was output into two text files, one containing the information for each pixel and one 

containing the information for each image.  The output was then imported into, and 

interpreted using Matlab R2010a Student Edition. 
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4.1 Pre-Processing 

GOES satellites have a geosynchronous orbit, meaning they continuously remain 

over one point on the Earth.  Two satellites, GOES East and GOES West, provide 

coverage between 170oE and 20oW.  Both satellites are positioned above the equator, 

GOES East is at a longitude of 135oW and acquires images between approximately 170oE 

and 80oW; and GOES West is at a longitude of 75oW and acquires between 

approximately 130oW and 20oW (Harris et al., 2002a).  However, distortion prohibits the 

use of pixels that are over 55o from nadir for hot spot detection. (Harris et al., 2001a).  

Volcán de Colima is located approximately 32o west and 28o east of GOES East and 

West, respectively, thus falling with in the usable area for both satellites. 

High temporal resolution is an advantage of geostationary satellites as the 

temporal resolution is limited only by the amount of time it takes to complete one scan 

over the image area.  One GOES image is acquired every 15 to 30 minutes, however, 

periods of missing images exist because of instrumental outages.  Table A4.1 lists the 

intervals when no images were acquired for one or more days.  The spatial resolution, 4 

km pixels, is limited by the 35 800 km orbit elevation necessary for geosynchronous 

satellites to orbit at the same speed as the Earth.  

GOES has five spectral bands, one that measures the visible spectrum (0.52 and 

0.72 µm) and four that measure thermal infrared spectral intervals.  Three of the bands in 

the thermal infrared spectrum are appropriate for volcanic thermal anomaly detection 

(Wright et al., 2002a).  Band 2 measures wavelengths (3.78-4.03 µm) in the mid-infrared 

spectrum, and bands 4 and 5 measure wavelengths (10.2-11.2 µm and 11.5-12.5 µm, 

respectively) in the far-infrared spectrum. 
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GOES data is received, calibrated and converted to brightness temperature at the 

Naval Research Laboratory in Monterey, California (Koeppen et al., 2010).  The data is 

then transferred to HIGP at the University of Hawai’i where the brightness temperatures 

are converted back to radiance values (Koeppen et al., 2010), and smaller sub-images are 

created (http://goes.higp.hawaii.edu/about.html).  Volcán de Colima is located in the 

HIGP mexicow (Mexico West) sub-image and the data set consists of 134 326 images, 

acquired between March 1, 2002 and December 31, 2009.  Time ordered stacks of 

georeferenced GOES images are created from this database using an area of interest over 

Volcán de Colima, defined by 19.46o to 19.56o N and 103.670o to 103.570o W (original 

GOES area of interest; Figure 4.1). 

4.1.1 Cloud Screening 

Clouds are often removed from data sets that are used to detect hot spots because 

clouds can result in false hotspot detection due solar reflection (Ackerman et al., 1998; 

Xu et al., 2010).  The RST approach removes cloudy images in the pre-processing step to 

avoid these false detections (Tramutoli, 1998).  However, cloudy images are not removed 

from the data set using the hybrid approach because the MODIS cloud mask was unable 

to reliably detect cloud (Platnick et al., 2003; Koeppen et al., 2010). 

Cloud in an image can be identified by manual cloud classification or automatic 

cloud mask algorithms.  The high temporal resolution of GOES results in numerous 

images, especially over the long time period examined in this study, 134 326 images 

acquired between March 1, 2002, and December 31, 2009.  This volume of images 

renders manual cloud classification an inefficient identification method.
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Figure 4.1 GOES area of interest.  (a) Outline of the original GOES area of interest, 
defined by 19.560o, 19.460o N, 103.670o, and 103.570o W, and is 
approximately 79 km2.  (b) Outline of the small GOES area of interest, is 
defined by 19.530o, 19.485o N, 103.645o, 103.590o W, approximately 36 km2.  
(Google Earth 2010:  © 2011 Cnes/Spot Image, Image © 2011 GeoEye, 
Image © 2011 DigitalGlobe, accessed on 08/23/2011). 
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A second, and more efficient, method of cloud identification is the use of 

automatic cloud mask algorithms.  Xu et al. (2010) proposed a GOES cloud mask 

procedure to reduce false positives caused by cloud reflectance in a fire detection 

algorithm.  The procedure uses a series of temporal and spectral tests to detect cloud.  

The temporal test identifies changes in band 4 pixel brightness temperature over short 

periods of time (Xu et al., 2010).  This test is based on the assumption that if a pixel is 

clear the radiance should remain relatively constant, if it does not, cloud is likely present 

(Xu et al., 2010).  The temporal test was found to be most effective for detection of large 

clouds; therefore spectral tests are used to identify the remaining undetected clouds (Xu 

et al., 2010).  The spectral tests used by Xu et al. (2010) include a far-infrared (band 4) 

threshold for high altitude ice clouds, an infrared brightness temperature difference 

(MIR-FIR) threshold, and a daytime visible radiance to mid-infrared radiance ratio 

threshold and a nighttime mid-infrared brightness temperature threshold.  This cloud 

mask procedure was found to falsely detect cloud 0.01% of the time while it failed to 

detect cloud 28% of the time (Xu et al., 2010). 

Due to other commitments, Eric Pilger (HIGP, University of Hawai’i at Manoa) 

was unable to code and apply a cloud mask algorithm to the GOES data set.  Cloud 

masks were explored but not applied to the MODIS data set, and the hybrid algorithm 

does not remove cloudy images from the data set, therefore cloudy images were retained 

in the GOES data set. 
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4.2 Reference Image Creation 

4.2.1 Method 

The second step in both the RST and hybrid approaches is to create reference 

images that characterize the normal background radiance and variation for each pixel 

during a given period of time that represent different observational conditions (e.g., time 

of day, season, etc.) (Tramutoli et al., 1998; Pergola et al., 2004; Koeppen et al. 2010).  

Each reference image set includes a mean radiance image and a standard deviation 

image; both reference images are used in the ALICE calculation of step 3. 

 Before the reference images can be created, pixels with outlying radiance values 

(e.g., pixels containing hot volcanic radiators such as lava flows) must be removed.  The 

hybrid approach uses the MODVOLC normalized thermal index (NTI) to identify hot 

pixels prior to reference image creation (Koeppen et al., 2010).  The GOES hot spot 

detection algorithm uses a modified NTI calculation.  The modified MODVOLC NTI and 

the reference image creation methods were developed and applied by Eric Pilger at 

HIGP, University of Hawai’i as follows: 

“Statistics for band 2 were adjusted for pixels flagged as “hot”.  Flagging was 

performed using a standard NTI, adapted for GOES as follows: 

1)  The blackbody radiance for bands 2 and 4 were calculated from their 

temperatures. 

2) If band 1 albedo was greater than 0.08, band 2 radiance was corrected by 

subtracting 80000. * albedo. 

3) NTI was calculated as (rad2-rad4)/(rad2+rad4) 
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4) A threshold of -0.82 was chosen as having given results consistent with MODIS 

for regions observed by both (e.g., Kilauea). 

In the case of band 2, an additional “Clean” mean and standard deviation were 

created, adjusting any pixel for which the flagged count was > 2% of the total count, 

using the following procedure: 

1) Maximum and minimum means and standard deviations were calculated using all 

pixels not flagged as hot, in a box 32 pixels on a side, centered on the flagged 

pixel. 

2) For both the mean and standard deviation, the minimum and maximum were used 

to define a linear relationship between band 2 and band 4 (e.g., b2 = m * b4 + b, 

where m = (max2 – min2)/(max4 – min4) and b = max2 – m * max4). 

3) The band 2 value was then estimated using this relationship and the actual band 4 

value of the pixel.” (Eric Pilger, pers. comm., 2011). 

Twelve MODIS reference image sets, one for each month of the year, were 

created for the MODIS data set.  However, because of the increased temporal resolution 

of GOES, two hundred eighty-eight reference images, one for each hour of the day for 

every month (i.e., 24 hours x 12 months = 288), were created to be used in Step 3.   

80 images are required to create a reliable reference image (Koeppen et al., 2010).  

GOES acquires approximately two images per hour over Volcán de Colima; therefore, 

approximately 32 images are collected each month for each hour in a 24-hour period.  

The GOES data set consists of data collected between March 1, 2002, and December 31, 

2009, therefore, approximately 224 images are used to create each reference image.  This 

large number of images ensures that despite periods of missing data (Table A4.1), 
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reliable reference images have been created and used to calculate ALICE index values in 

Step 3.   

4.3 Change Detection:  Application of ALICE 

4.3.1 Method 

In step 3 of the hybrid approach (Koeppen et al., 2010), an ALICE value is 

calculated for each pixel of every GOES image using the band 2 radiance values and the 

appropriate band 2 temporal reference image set.  The same ALICE thresholds used to 

detect thermal anomalies for the MODIS data are used for the GOES data, 2.0, 2.6, 3.0, 

3.29, and 4.0 that correspond to statistical confidences of 95.4%, 99.0%, 99.7%, 99.9%, 

and 99.99%, respectively (Koeppen et al., 2010).  If a pixel’s ALICE value is greater than 

the ALICE threshold then the pixel is considered thermally anomalous compared to the 

normal background radiance.  Hotter, more intense radiators result in higher ALICE 

values; therefore, high ALICE thresholds will detect hot radiators, but may miss cooler 

volcanic anomalies. 

The GOES algorithm outputs the results in two different text files.  The first is the 

raw file, with data for every pixel in each of the 134 326 images.  The output includes: 

the acquisition time of the image that the pixel belongs to (i.e., year, month (0 to 11), 

ordinal day, hour (UTC), minute (UTC)); the location of the pixel (i.e., pixel x number, 

pixel y number, longitude, latitude); and the spectral properties of the pixel (i.e., albedo 

(%), mid- and far-infrared radiance (W m-2 ster-1 m-1), mean mid-infrared radiance (W m-

2 ster-1 m-1), and the standard deviation of the mid-infrared radiance (W m-2 ster-1 m-1)).  

The second is the summary file, with data for each of the 134 326 images in the data set.  
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The output includes: the image acquisition time (i.e., year, month (0 to 11), ordinal day, 

hour (UTC), minute (UTC)); the mean spatial location of all of the hot pixels in the 

image (i.e., mean longitude, mean latitude, longitude standard deviation, latitude standard 

deviation); thermal anomalous pixel information (i.e., hot spot alert count, hotspot alert 

excess radiance for each ALICE threshold (W m-2 µm-1)); and the number of saturated 

pixels in the image.  The summary text file was imported into Matlab 2010a Student 

Edition for interpretation.  This file was used for analysis because it contained the same 

outputs as the MODIS algorithm: the number of thermal anomalies detected, and the 

amount of radiance over the normal background radiance for each image. 

Artificial radiance spikes can occur in GOES images and can be attributed to high 

energy particles that collide with the satellite (Wright et al., 2002b) and to band noise.  

These artificially created radiance spikes could result in false thermal anomaly 

detections; therefore, the GOES image output must be reviewed for bad data before any 

data analysis and interpretation is completed.  First, images containing saturated pixels 

are identified using the saturated pixels output column.  Then, images where the number 

of alerts (i.e., anomalously hot pixels) does not decrease with increasing ALICE (e.g., 

alert countALICE>2.0 = alert countALICE>4.0) are identified using the Matlab code, findbad.m 

(Appendix 2).  Each image flagged, by either method, was manually examined for bad 

data on the HIGP GOES hot spot website (http://goes.higp.hawaii.edu/).  If the image 

contained bad data then the values for the longitude (mean and standard deviation), 

latitude (mean and standard deviation), alert count, alert excess radiance, and number of 

saturated pixels were set to NaN (Not a Number).  This allows the time series to remain 

in tact while removing the bad data. 
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An hourly and a daily data set are created, from the image data set, to compare the 

results of the different ALICE thresholds.  The mean of the position data (mean 

longitude, mean latitude, longitude standard deviation, and latitude standard deviation) 

and the sum of the thermal anomaly alert data (alert count, alert excess radiance, and 

number of saturated pixels) was calculated using images acquired in the same hour or on 

the same day with Matlab codes, sumhours.m and sumdays.m (Appendix 2), respectively.  

The appropriate ALICE threshold for the GOES data set is then evaluated by plotting the 

daily excess radiance for two successive ALICE thresholds together (e.g., ALICE > 2.0 

and ALICE > 2.6, etc.), and by examining the number of images that contain one or more 

thermal anomalies for each ALICE threshold. 

To further understand the nature of the alerts, whether or not they have a volcanic 

source, the spatial distribution is examined.  The position of Volcán de Colima’s summit 

crater and the mean longitude and latitude are plotted versus excess radiance for each 

image with one or more alerts.  Two different plots were created.  In the first, an ellipse is 

plotted for each image with an alert.  The centre of the ellipse represents the mean 

longitude and latitude of the alerts while the x and y extents of the ellipses are defined by 

one longitude and latitude standard deviation.  In the second, the mean longitude and 

mean latitude is plotted (as a point) versus excess radiance for ALICE > 2.6 and 3.0. 

Next, the spatial distribution of alerts detected in nighttime images versus daytime 

image is examined.  The Matlab code goesnightday.m (Appendix 2) is applied to flag 

images as night or day using the image acquisition time (in UTC).  Night and day were 

defined as 19:00:00 Central Standard Time (local time) to 06:59:59 CST and 07:00:00 

CST to 18:59:59 CST, respectively.  Standard time was used to convert to UTC; daylight 
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savings time was not taken into account.  The two data sets are then created using the 

flags (separategoesnightday.m, Appendix 2) and the mean longitude and latitude are 

plotted (as points) versus excess radiance for day and night. 

The area of interest was reduced from the original GOES to the small GOES area 

of interest bound by 103.67o to -103.57o W and 19.56o to 19.46o (~ 79 km2), and 103.645o 

to -103.59o W and 19.53o to 19.46o N (~ 36 km2), respectively (Figure 4.1).  This was 

done using the Matlab code reduceroi.m (Appendix 2) where the mean latitude and mean 

longitude, that are outside of the small GOES area of interest, are set to NaN and the 

number of alerts and the alert excess radiance are set to zero.  The results of the different 

ALICE thresholds are re-evaluated by plotting date versus daily alert excess radiance for 

consecutive ALICE thresholds.  The smaller area of interest was also applied to the night- 

and day-time data sets. 

Finally, the timing and relative spatial extent of alerts detected by the algorithm 

are compared with known events documented by Varley et al. (2010a), Arámbula-

Mendoza et al. (2011), and the Smithsonian Global Volcanism Program’s monthly 

reports.  Detected alerts are qualitatively correlated with documented events using two 

different graphs.  The first graph plots the alert excess radiance for ALICE > 2.6 and 3.0 

by ordinal date, the data points are colour coded based on the year the anomaly occurred 

in.  Second, the mean latitude and longitude are plotted versus alert excess radiance, for 

ALICE > 3.0, and colour coded according to the year. 
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4.3.2 Results 

The algorithm was applied to all GOES images acquired between March 1, 2002 

and December 31, 2009 using five ALICE thresholds, 2.0, 2.6, 3.0, 3.29, and 4.0.  The 

results were output into two text files: a raw file 

(mexicow_raw_101118_221231_550560.txt, Appendix 1); and a summary file 

(mexicow_sum_101118_221231_550560.txt, Appendix 1). 

The GOES summary data was reviewed for bad data and images.  Bad data was 

identified in five out of seventeen images that had saturated pixels (Table A4.2; GOES 

ALICE results_images with saturated pixels.txt, Appendix 1).  Thirty-eight images did 

not show a decrease in the number of alerts with increasing ALICE threshold (GOES 

ALICE results_images with possible bad data.txt, Appendix 1), eleven of these images 

contained bad data (Table A4.2).  The position and alert data for images containing bad 

data are set to NaN and the resulting file is used for analysis and interpretation (GOES 

ALICE results.txt Appendix 1). 

Hourly and daily GOES data sets were then created (GOES ALICE 

results_summed by hour.txt and GOES ALICE results_summed by day.txt, respectively, 

Appendix 1).  Figure A4.7 shows the excess radiance of the image, hourly, and daily 

data.  The amount of excess radiance increases as the time interval increases, because 

more hot pixels are included in the summed excess radiance, but the overall data pattern 

remains unchanged.  The daily data displays the least amount of noise; therefore, it is 

used to graphically compare the excess radiance resulting from the different ALICE 

thresholds.   
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The daily excess radiance is plotted for successive ALICE thresholds in Figure 

A4.8.  The difference in the amount of excess radiance detected using ALICE > 2.0 and 

2.6 (Figure A4.8a) is much greater than the detected excess radiance difference between 

ALICE > 2.6 and 3.0, 3.0 and 3.29, and 3.29 and 4.0 (Figure A4.8b-d).  Both Figure 

A4.8b and c show days where alerts are detected by the lower ALICE threshold but not 

the higher threshold; however, there are fewer instances between ALICE > 3.0 and 3.29 

than there are between ALICE > 2.6 and 3.0.  The graphical observations are correlated 

by the number of images containing one or more thermally anomalous pixels, 3378, 740, 

360, 262, and 255, detected using an ALICE > 2.0, 2.6, 3.0, 3.29, and 4.0, respectively. 

These results suggest a conservative ALICE threshold of 3.0 and less conservative 

threshold of ALICE > 2.6. 

The spatial distribution of the alerts is first examined by plotting the mean 

longitude and latitude for each image at the centre of an ellipse defined by a single 

standard deviation for ALICE > 3.0 (Figure A4.9a).  Multiple images, primarily with low 

excess radiance values, plot around the perimeter of the area of interest.  Further 

inspection of the bottom of the plot (Figure A4.9a, inset) shows that many of these low 

excess radiance points have ellipses that are also elongate around the perimeter.  This 

pattern suggests that the thermally anomalous pixels in those images are distributed along 

the perimeter instead of extending towards the summit crater.  These alerts are most 

likely not volcanic in origin as they do not occur near the active summit crater.  One 

method of eliminating these outliers is to apply a smaller area of interest, that includes 

only the area immediately surrounding Volcán de Colima (Figure 4.1b).  The ellipses are 

replotted for images with alerts in the small GOES area of interest (Figure A4.9b).  This 
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plot shows that the smaller area of interest eliminates the perimeter ellipses from the data 

set.  Next, the mean longitude and latitude are plotted versus excess radiance for the 

images with alerts using ALICE > 2.6 and 3.0 (Figure 4.2).  The small GOES area of 

interest is marked by a grey box.  The maximum alert excess radiance detected using 

ALICE > 2.6 and more alerts are detected because lower temperature hot spots are 

considered anomalous using the lower ALICE threshold. 

Next, the images, in the original GOES area of interest, are sorted according to 

night- and day-time acquisition (GOES ALICE results_night.txt and GOES ALICE 

results_day.txt, respectively, Appendix 1).  62 960 of the 134 326 images were acquired 

at night while 71 366 were acquired during the day.  Of the total number of images that 

contain one or more thermally anomalous pixels detected using ALICE > 2.0, 2.6, 3.0, 

3.29, and 4.0, 69.4%, 66.1%, 56.4%, 50.4%, and 51.8% were acquired during the day, 

respectively.  Figure A4.10 shows the spatial distribution of the night- versus day-time 

images with thermally anomalous pixels detected using ALICE > 3.0.  Figure A4.10a 

shows that the maximum alert excess radiance values are detected in daytime images.  

Furthermore, Figure A4.10b shows that many of the daytime images with alerts occur 

northeast of the summit crater where significantly fewer nighttime images with alerts 

occur. Both of these observations indicate that solar heating and reflection may be a 

factor in the GOES data. 

The small GOES area of interest was applied to the GOES data set (GOES 

ALICE results_small GOES area of interest.txt, and GOES ALICE results_small GOES 

area of interest_night.txt and GOES ALICE results_small GOES area of interest_day.txt, 

Appendix 1).  The number of images with one or more thermally anomalous pixels was 
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Figure 4.2 The spatial distribution of thermal anomalies detected using ALICE > 2.6 
(magenta) and 3.0 (green) for the original GOES area of interest.  Each data 
point represents the mean longitude and latitude of thermal anomalies 
detected in each GOES image.  The grey area shows the small GOES area of 
interest.  The points generally do not overlap for the two ALICE thresholds 
because additional thermal anomalies detected using the lower ALICE 
threshold will affect the mean location and the amount of excess radiance. 
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reduced from 3378 to 1402, 740 to 268, 360 to 149, 262 to 115, 255 to 57 for ALICE 

thresholds of 2.0, 2.6, 3.0, 3.29, and 4.0, respectively.  The daily results of each ALICE 

threshold are displayed and compared graphically in Figure A4.11.  Results are similar to 

those using the original GOES area of interest.  A large difference in the excess radiance 

and the number of alerts is observed between ALICE > 2.0 and 2.6 (Figure A4.11a).  

However, the difference in both the excess radiance detected and the number of alerts 

detected is greatly reduced between ALICE > 2.6 and 3.0 (Figure A4.11b) and even 

further reduced with increasing ALICE, but to a lesser extent.  This further justifies the 

use of ALICE > 3.0 as a conservative threshold and ALICE > 2.6 as a less conservative 

threshold. 

Next, the number of images (with one or more alerts) that are acquired at night 

versus during the day was examined.  For ALICE > 2.0, 2.6, 3.0, 3.29, and 4.0, 69.8%, 

57.1%, 47.0%, 41.7 %, and 40.4%, respectively, of the images that contain alerts were 

acquired during the day.  There is a very small increase in the proportion of daytime 

images with alerts in the small GOES area of interest for ALICE > 2.0.  However, for all 

of the other ALICE thresholds, the ratio of daytime images with alerts to total number of 

images with alerts decreases from the original GOES area of interest to the small GOES 

area of interest. 

The temporal and spatial distribution of images with anomalies is shown in 

Figures 4.3 and 4.4 respectively.  Slow effusive activity occurred between May 2001 and 

March 2003 with regular Vulcanian explosions, 2 to 10 per day, starting in 2003 and 

continuing to the present day.  Results (Figure 4.3, red) show images with hot pixels in 

March and November 2002; however, images were not acquired between March 20 and 
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Figure 4.3 Temporal distribution of images that contain thermal anomalies detected by 
(a) ALICE > 2.6 and (b) ALICE > 3.0 (using the small GOES area of 
interest).  The excess radiance is plotted versus the ordinal day that the image 
was acquired on and colour coded by year.  The months are labelled 
according to a non-leap year and are therefore a guide for the time of year. 
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Figure 4.4 Temporal and spatial distribution of images that contain thermal anomalies detected by ALICE > 3.0 (using the small 
GOES area of interest).  Each data point represents the mean longitude and latitude of the thermal anomalies in a GOES 
image.  The data points are colour coded by the year that the image was acquired. 
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October 23, 2002.  The Smithsonian Global Volcanism Program monthly reports indicate 

that a new lava flow began flowing down the east, west, and southwest flanks from the 

summit crater starting in February and continuing into March 2002 (Smithsonian 

Institution, BVGN 27:02).  Furthermore, incandescent avalanches were reported to occur 

on the south, southwest and west flanks during the same time period.  The mean latitude 

and longitude of the hot spots detected in the five images in March place the thermal 

anomalies southwest, east-southeast, and northeast of the summit crater.  In 2003 the 

majority of images with thermal anomalies were detected in April, primarily on the 

northeast side of the crater.  No significant events have been reported; however, summit 

incandescence was noted in April 2003 (Smithsonian Institution, BVGN 28:06).   

The rate and magnitude of volcanic activity increased between September 2004 

and September 2005.  September to December 2004 was characterized by rapid effusion 

of a lava dome and lava flows (Varley et al., 2010a; Arámbula-Mendoza et al., 2011).  

Figure 4.3 shows one image on September 23, 2004, that contained one or more thermal 

anomalies with a mean latitude and longitude to the northwest of the summit crater 

(19.519 and -103.629; Figure 4.4).  Furthermore, thermal anomalies, which plot primarily 

west-southwest and northwest of the summit crater, were detected in numerous images 

acquired in October 2004 (Figure 4.3 and 4.4).  Reports indicate that the 2004 effusive 

event commenced on September 25, 2004 (Arámbula-Mendoza et al., 2011), two days 

after the thermal anomaly was detected by GOES.  The effusive event began with the 

rapid extrusion of a lava dome that filled the summit crater by September 30, 2004 and 

resulted in lava flows that continued until December 2004 down the north and northwest 

flanks of the volcano (Varley et al., 2010a; Arámbula-Mendoza et al., 2011).  February to 
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September 2005 was characterized be moderate to major Vulcanian explosive eruptions 

as well as lava dome growth and destruction (Arámbula-Mendoza et al., 2011; Zobin et 

al., 2011).  Figure 4.3 shows thermal anomaly detection between January and June, and 

between August and October for ALICE > 2.6 and in January, between March and June, 

and between August and September for ALICE > 3.0.  Varley et al. (2010a) and 

Arámbula-Mendoza et al. (2011) list thirty documented moderate to major eruptions in 

2005.  Eleven of the thirty eruptions were detected by GOES using ALICE > 2.6 with 

two other possible detections, one that occurred approximately 274 minutes (4 hours and 

34 minutes) before the documented explosion (May 5, 2005) and one that occurred 

approximately 1064 minutes (17 hours and 44 minutes) after the documented explosion 

(April 12, 2005).  Eight documented eruptions were detected using ALICE > 3.0 (with 

one other possible detection on April 12, 2005).  The thermal anomalies were detected 

between 7 and 187 (3 hours and 7 minutes) minutes after the explosions occurred.   

Volcanic activity during 2006 was characterized by Vulcanian explosions and a 

lack of effusion.  Anomalies were detected in January, February, March, May, July, 

August, and December using ALICE > 2.6, but only in July and August using ALICE 

>3.0.  Explosions were reported in January and February 2006 (Smithsonian Institution, 

BVGN 31:03) and may be the source of the thermal anomalies detected in January and 

February using ALICE > 2.6. 

Activity from January 2007 to the present time is characterized by slow effusion 

(Varley et al., 2010a).  In 2007, thermal anomalies were detected in January, May, July, 

October, and December using ALICE > 2.6 and October using ALICE > 3.0.  Growth of 

a new lava dome and an increase in the number of small explosions per day was reported 
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in February 2007 (Smithsonian Institution, BVGN 32:10).  An increase in effusion rate 

was reported for October 2007 (Smithsonian Institution, BVGN 33:04), the increased rate 

may have exposed more hot material to the surface causing detection by ALICE > 3.0.  

Another increase in the dome growth (effusion) rate was reported between August and 

November 2008 with continued daily explosions (5 to 10) (Smithsonian Institution, 

BVGN 33:10).  Thermal anomalies were detected by GOES (using both ALICE > 2.6 

and 3.0) in April, May, June and September 2008.  Finally, anomalies were detected in 

April and August 2009 as slow dome growth and explosive activity continued 

(Smithsonian Institution, BVGN 35:05). 

The results of the hybrid algorithm, using an ALICE threshold of 2.6 and 3.0, 

qualitatively temporally correlate with reported activity.  Additionally, 11 and 8 of the 

moderate to major eruptions that occurred between February and October 2005 were 

detected by GOES between 7 minutes and 1 hour and 7 minutes after the eruption 

occurred.  A conservative ALICE threshold may be used for the GOES data set; however, 

ALICE > 2.6 may also be appropriate and detect smaller, cooler volcanic activity. 

4.4 Summary 

The hybrid approach (Koeppen et al., 2010) was used to detect volcanic thermal 

anomalies using GOES data over Volcán de Colima, Mexico.  In step 1, pre-processing, 

the images were organized into time-ordered georeferenced stacks.  In step 2, reference 

images that characterize the normal background radiance (i.e., the mean images) and the 

natural variability (i.e., the standard deviation images) were created.  Reference images 

for band 2 were created by flagging and removing anomalous pixel radiance values using 

a modified MODVOLC NTI calculation and a threshold of -0.82.  Two hundred eighty-
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eight reference image sets were created, one of every hour of the day for each month.  

The reference images were used to calculate ALICE values for each pixel of every image 

in step 3.  A pixel was flagged as thermally anomalous if its ALICE value was greater 

than the threshold.  The data were processed using ALICE > 2.0, 2.6, 3.0, 3.29, and 4.0 

threshold.  The algorithm was applied to the original goes area of interest; however, upon 

inspection, area of interest was reduced (small GOES area of interest) to eliminate 

probably false detections.  Furthermore, solar radiation appears to affect the number of 

daytime alerts and their spatial locations.  A comparison of the results show that 

significantly fewer images contain alerts using ALICE > 2.6, 3.0, 3.29, and 4.0 than 

ALICE > 2.0.  Images that contain thermally anomalous pixels detected using ALICE > 

2.6 and 3.0 were qualitatively correlated with documented activity.  Both thresholds 

appear to be appropriate with ALICE > 3.0 being slightly more conservative. 
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5: Other Data Sets:  RSEM, Weather, and Activity 
Reports 

The objective of this thesis is to establish a method to compare and correlate 

satellite (MODIS and GOES) thermal anomaly time series with other time series data 

collected at the volcano.  Relationships between the multiple time series data sets may 

contribute to the characterization of historical volcanic behaviour and thus be used as a 

tool for forecasting future volcanic activity.  Two continuously collected data sets at 

Volcán de Colima that overlap with the satellite data are RSEM (Real-time Seismic 

Energy Measurement) and weather data (ambient temperature and precipitation).  

Furthermore, published articles as well as the Smithsonian Global Volcanism Program 

Monthly Reports are used to verify the timing and type of activity. 

5.1 RSEM (Real-time Seismic Energy Measurement) 

5.1.1 Method 

Seismicity has been continuously measured at Volcán de Colima since 1989 when 

a seismic network of 5 short-period seismometers was installed.  In 1994 RSAM (Real-

time Seismic Amplitude Measurement capability was added to the seismic network (De 

la Cruz-Reyna and Reyes-Dávila, 2001; Reyes-Dávila and De la Cruz-Reyna, 2002).  

RSAM calculates the average amplitude of volcanic seismicity over a given period of 

time, generally 1 to 10 minutes (Endo and Murray, 1991; De la Cruz-Reyna and Reyes-

Dávila, 2001; and Reyes-Dávila and De la Cruz-Reyna, 2002).  The result is a time series 
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data set that shows the seismic energy associated with the volcanic eruptions (Endo and 

Murray, 1991). 

RSEM, developed at Colima, Mexico, is the root mean square of the seismic 

signal calculated every 2 minutes using a sample rate of 100 Hz (Reyes-Dávila and De la 

Cruz-Reyna, 2002). RSEM is proportional to the strain release rate caused by volcanic 

processes (De la Cruz-Reyna and Reyes-Dávila, 2001; Reyes-Dávila and De la Cruz-

Reyna, 2002). An increase in the RSEM rate has been observed to precede some 

eruptions at Volcán de Colima and therefore it is used as a volcano monitoring tool (De la 

Cruz-Reyna and Reyes-Dávila, 2001; Reyes-Dávila and De la Cruz-Reyna, 2002).  A 

disadvantage of both RSAM and RSEM time series data is that there is no spectral 

information, therefore the type of seismicity (i.e., tectonic, volcanic tremor, noise from 

wind, rock falls, etc.) cannot be identified (Endo and Murray, 1991). 

Hourly RSEM data from 2004 to 2008, inclusive, were provided by Gabriel A. 

Reyes-Dávila, Centro Universitario de Estudios en Vulcanología at the University of 

Colima.  The data were collected at the EZV4 (SOMA) short-period seismic station.  

EZV4 is located approximately 1.7 km northwest the active summit crater of Volcán de 

Colima (Figure 5.1) and is the closest seismic station to the volcanic activity (Zobin et al., 

2002b; Arámbula-Mendoza et al., 2011).  The 2 minute RSEM data was summed for 

each hour that it was collected. 

The RSEM data was received in five text files, one for each year of data.  Each 

text file consists of two columns, the first column contains an RSEM value for every hour 

of each day of the year and the second column indicates the first and last day of each 

month.  The text files were modified in Microsoft Excel to have four columns:  three of 



 

 92 

 

Figure 5.1 Location of the EZV4 short-period seismic station (19.526o N, 103.630o W) 
and the weather stations near the Colima airport (Station 766580; 19.267o N, 
103.583o W, elevation = 723 m) and in Ciudad Guzman (Station 766560; 
19.717o N, 103.467o W, elevation = 1515 m).  EZV4 is located ~1.7 km from 
Volcán de Colima’s summit crater.  Both weather stations are ~28 km away.  
(Google Earth 2010:  © 2011 Cnes/Spot Image, Image © 2011 DigitalGlobe, 
Image © 2011 GeoEye, accessed on 09/16/2011). 
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the columns indicate the time of RSEM acquisition (i.e., column 1 is the year, column 2 

is the ordinal day, and column 3 is the hour); and the fourth column is the RSEM value.  

The new formatted text files (HourlyRSEM2004EZV4matlab.txt, 

HourlyRSEM2005matlab.txt, HourlyRSEM2006matlab.txt, HourlyRSEM2007matlab.txt, 

and HourlyRSEM2008EZV4matlab.txt, Appendix 1) were then imported into Matlab 

R2010a Student Edition. 

Once in Matlab, the time3totime1_yyyyddd_hh.m code (Appendix 2) was used to 

create a column containing the time of acquisition for each data point in the form, 

yyyyddd.hh, for each yearly .mat file.  The five yearly files were then amalgamated into 

one file (RSEM data_2004 to 2008_hourly.txt, Appendix 1).  A daily file was also 

created using the sumdays.m (Appendix 2) Matlab code to sum all of the RSEM values 

that were collected in the same day.  Daily RSEM data was generated for comparison to 

the daily weather data. 

5.1.2 Results 

Two time series data sets result from the RSEM processing.  One with an hourly 

temporal resolution (RSEM data_2004 to 2008_hourly.txt, Appendix 1; Figure A4.12a) 

and one with a daily temporal resolution (RSEM data_2004 to 2008_summed by day.txt, 

Appendix 1; Figure A4.12b).  The hourly data set will be examined with the hourly 

satellite data sets while the daily data will be examined with the daily weather and the 

daily satellite data sets. 
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Hourly RSEM values of zero may represent intervals of no data collection due to 

instrument malfunction and maintenance.  Table A5.1 lists the days when the daily 

RSEM value was zero. 

5.2 Weather Data 

Climatic conditions, such as temperature, rainfall, and barometric pressure, may 

affect seismic and volcanic activity.  Neuberg (2000) found a correlation at Merapi 

volcano, Indonesia, between seismicity and temperature and rainfall.  Stress fields on the 

surface of the lava domes may be affected by rapid temperature change caused by solar 

heating, or heavy precipitation contacting the hot surface of the dome and possibly 

flowing into fractures (Neuberg, 2000).  Furthermore, heavy precipitation may result in 

mudslides and lahars that result in unloading and loading of different parts of the edifice 

(Neuberg, 2000).  Lopez et al. (2006) found a correlation between seismicity, Earth tides, 

and precipitation at Arenal volcano, Costa Rica.  Therefore temperature and precipitation 

are included as time series data sets. 

5.2.1 Method 

Weather data is not available for the active summit crater of Volcán de Colima 

due to the continued high level of activity.  However, weather data is publicly available 

for the Colima airport, Colima (Station 766580) and Ciudad Guzman, Jalisco (Station 

766560) from the National Oceanic and Atmospheric Administration’s (NOAA) National 

Climatic Data Center (NCDC).  The Colima airport and the Ciudad Guzman weather 

stations are located approximately 28 km south-southeast and northeast of Volcán de 

Colima’s summit crater, and approximately 723 m and 1515 m above sea level, 



 

 95 

respectively (Figure 5.1).  Data from January 1, 2000, to December 31, 2010, were 

downloaded for both weather stations (ftp://ftp.ncdc.noaa.gov/pub/data/gsod, accessed on 

January 20, 2011).  The yearly files were compiled into one file sorted by date, and the 

temperature and precipitation data was converted to metric units (Colima_766580-2000-

2010.xlsx and Ciudad Guzman_766560-2000-2010.xlsx, Appendix 1).  Only mean 

temperature and total precipitation data fields are used to characterize the climate around 

Volcán de Colima; therefore, files that contain only the date of acquisition, the mean 

temperature, the number of observations used to calculate the mean temperature, and the 

total precipitation were imported into Matlab R2010a Student Edition (Colima_766580-

2000-2010-matlab.xlsx and Ciudad Guzman_766560-2000-2010-matlab.xlsx, Appendix 

1). 

Both the Colima and Ciudad Guzman data sets were examined for missing data.  

Missing mean temperature and total precipitation values within the data sets are indicated 

by values of 9999.99 and 99.99, respectively.  These values were replaced by NaN.  

Furthermore, rows consisting of the date and NaN for the remaining data fields were 

inserted for missing days of data.  The result is a continuous time series from January 

2004 to December 2010. 

5.2.2 Results 

The Colima and Ciudad Guzman weather data sets were examined for 

completeness, and the Colima weather data set (Figure 5.3; Colima weather data.txt) was 

found to be more complete the than Ciudad Guzman weather data set (Ciudad Guzman 

weather data.txt).  Within the existing data sets, no mean temperature values were 

missing (e.g., 9999.99 values) in either data set; however, there were 466 and 2044 days 
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Figure 5.2 Mean ambient temperature and total precipitation data for the weather station 
near the Colima airport.  The data was downloaded from the National 
Oceanic and Atmospheric Administration’s (NOAA) National Climatic Data 
Center (NCDC; ftp://ftp.ncdc.noaa.gov/pub/data/gsod, accessed on January 
20, 2011) for station 766580. 
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of missing precipitation data (e.g., 99.99 values) for Colima and Ciudad Guzman, 

respectively.  Furthermore, four days of data were missing from the Colima weather data 

set while 1602 days were missing from the Ciudad Guzman data set.  The Ciudad 

Guzman data set is missing a significant amount of data, approximately 40% and 91% of 

the mean temperature and total precipitation data, therefore only the Colima weather data 

was used for analysis and interpretation.   

The data collected at the Colima weather station is not representative of the 

conditions at the summit of Volcán de Colima; not only is the weather station located 

approximately 28 km south of the summit but it is approximately 3 137 m lower in 

elevation (i.e., the elevation of Volcán de Colima’s summit crater and the weather station 

near the Colima airport is approximately 3 860 m and 723 m above sea level, 

respectively).  Additionally, field observations suggest that Volcán de Colima has its own 

micro-climate.  However the weather station near the Colima airport is the closest 

publicly available data, therefore, it is important that direct correlations between the other 

time series data sets and the weather data are not made.  Instead, temperature and 

precipitation trends are used conservatively to indicate possible changes in the conditions 

at Volcán de Colima. 

5.3 Smithsonian Global Volcanism Program Monthly Reports 

Thermal anomalies detected using satellite imagery and increases in RSEM 

counts may result from activity that precedes an eruption, from a volcanic eruption, 

ongoing volcanic activity, or in the case of false detections, from no activity.  Qualitative 

verification of activity can be completed using journal published accounts of activity.  
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However, while there are many published accounts of the volcanic activity from 1991 to 

1999 and 2004 to 2005, there are significantly fewer accounts of the activity between 

2001 and 2003, and 2007 and the present.  Where published accounts of activity at 

Volcán de Colima are not available, the Smithsonian Global Volcanism Program 

Monthly Reports (http://www.volcano.si.edu/world/volcano.cfm?vnum=1401-

04=&volpage=var) are consulted. 

The Smithsonian’s Global Volcanism Program Monthly Reports are a 

compilation of voluntary reports consisting of field observations and measurements 

regarding volcanic activity at volcanoes around the world (Venzke et al., 2002-, 

Smithsonian Institution, http://www.volcano.si.edu/info/products/bullgvn/bullgvn/).  

While the observations and reports that constitute the Monthly Reports are preliminary 

(Venzke et al., 2002b-, Smithsonian Institution, 2011), the monthly reports are more 

detailed (Venzke et al., 2002a-, Smithsonian Institution, 2011) and reliable than the 

weekly reports (Venzke et al., 2002c-, Smithsonian Institution, 2011).  The weekly 

reports are reviewed for accuracy and compiled into the monthly reports, however this 

does not guarantee the accuracy of the monthly reports (Venzke et al., 2002-, 

Smithsonian Institution, 2011, http://www.volcano.si.edu/reports/usgs/critera and 

disclaimers/).  Monthly reports exist for the period between December 1975 and the 

present.  Although regular monthly reports do not exist for Volcán de Colima, the reports 

generally review activity that has occurred since the last report was submitted. 

5.4 Summary 

Two time series data sets, hourly RSEM and daily weather data, are processed for 

comparison with the thermal anomaly satellite time series.  RSEM is a measurement of 
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seismic energy and is proportional to the strain release rate occurring at the volcano (De 

la Cruz-Reyna and Reyes-Dávila, 2001; Reyes-Dávila and De la Cruz-Reyna, 2002).  The 

RSEM data provided by the Observatorio Vulcanológico are hourly sums of the original 

2 minute data.  Comparison of all of the data sets requires consistent temporal scales, 

therefore, while the hourly data can be used for comparison with the hourly excess 

radiance data, the RSEM data were summed for each day to create a daily RSEM data set 

that can be compared with the daily weather data.   

Weather data is not available for the summit of Volcán de Colima.  The weather 

station near the Colima airport is the most proximal and complete publicly available 

weather data.  Daily mean temperature and total precipitation data were downloaded from 

NOAA’s National Climatic Data Center (NCDC).  The daily weather data are compared 

with the daily RSEM and daily excess radiance data. 

Qualitative correlation of the RSEM and excess radiance from satellite detected 

thermal anomalies to volcanic activity is completed using published journal articles and 

the Smithsonian Global Volcanism Program Monthly Reports. 
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6: Combining Data Sets 

The time series data sets are combined and examined for correlations and patterns 

using an hourly and a daily temporal interval.  Both an hourly and a daily data set have 

been created using the RSEM data that has an original temporal resolution of one 

measurement every 2 minutes.  Only a daily data set exists for the weather data.  The 

MODIS satellite data set (approximately four images per day) could be used to create a 

daily data set while an hourly data set could be created by the GOES data (approximately 

one image every 30 minutes).  However, having two satellite data sets creates more 

complexity when combining and comparing all of the data sets, therefore the MODIS and 

GOES data sets are combined into both an hourly and a daily data set. 

6.1 Combining GOES and MODIS Data 

6.1.1 Method 

A conservative ALICE threshold of 3.0 and a less conservative threshold of 2.6 

were determined to be appropriate for both the MODIS and GOES data sets.  Two areas 

of interest were for thermal anomaly detection, the original GOES area of interest for the 

MODIS data and the small GOES area of interest for the GOES.  The small GOES area 

of interest was not used for the MODIS data because the spatial distribution of the 

anomalies detected by ALICE > 2.6 and 3.0 were confined to the edifice of Volcán de 

Colima.  The excess radiances detected using ALICE thresholds of 2.6 and 3.0 are 

compared by plotting MODIS and GOES image data results for all of the ALICE 
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threshold combinations before the MODIS and GOES data sets are combined.  The image 

data was used for this plot because of the significantly higher temporal resolution of 

GOES; if the daily sums were compared, GOES will show a much higher excess radiance 

because of the greater number of images considered.  Furthermore, excess radiance is 

plotted instead of number of alerts due to the two instruments’ different spatial 

resolutions.  Koeppen et al. (2010) used excess power to compare the MODIS and the 

GOES results to eliminate the effect of the different spatial resolutions.  However, both 

the excess radiance and excess power are affected by the timing of the event relative to 

image acquisition, thus correlation with other data sets is completed qualitatively (i.e., if 

thermal anomalies exist or not, rather than quantitatively using the amount of excess 

radiance or power).  

The results for each image in the MODIS (11 826 images) and GOES (134 326 

images) data sets are combined into one large time ordered file (146 152 images) using 

combinegoesmodis.m (Appendix 2).  Hourly and daily data sets are created from the 

image data by summing the number of alerts and the excess radiance values for all 

images acquired in the same hour or day (sumhours.m and sumdays.m, Appendix 2).   

6.1.2 Results 

The excess radiance results for thermal anomalies detected using MODIS and 

GOES using ALICE > 2.6 and 3.0 are shown in Figure A4.13.  The timing of thermal 

anomalies detected by GOES using ALICE > 2.6 is coincident with thermal anomalies 

detected by MODIS using ALICE > 2.6 and 3.0.  However, there are intervals where 

thermal anomalies are detected by MODIS using ALICE > 2.6 and 3.0 but not by GOES 

using ALICE > 3.0 (e.g., end of 2005 to the beginning of 2006, and the end of 2006 to 



 

 103 

the beginning of 2007).  These results suggest that three sets of thresholds are 

appropriate:  a conservative threshold using ALICE > 3.0 for MODIS and GOES; an 

intermediate threshold using ALICE > 3.0 and 2.6 for MODIS and GOES, respectively; 

and a more liberal threshold using ALICE > 2.6 for both MODIS and GOES.  Evaluation 

of the spatial distribution of the thermal anomalies detected using MODIS data suggested 

that ALICE > 3.0 had the fewest false detections.  Therefore, the optimal ALICE 

threshold is most likely the intermediate threshold.   

The acquired MODIS and GOES data sets have different durations (Figure 

A4.13).  The MODIS data set consists of only Terra images from February 24, 2000 until 

July 4, 2002 when Aqua begins to acquire data.  The MODIS (Terra and Aqua) data set 

ends on June 30, 2009.  The GOES data set starts on March 1, 2002, and ends on 

December 31, 2009; however, there are two large intervals of missing data in 2002 

between March 20 and August 25 and from August 27 to October 23.  Therefore, the 

most complete satellite data set exists between October 24, 2002, and June 30, 2009. 

The MODIS and GOES image data sets are combined and sorted by acquisition 

date and time (MODIS_combined + GOES_small GOES aoi – ALICE results.txt and 

MODIS_combined ALICE 30 + GOES_small GOES aoi ALICE 26 – results.txt, 

Appendix 1) and then summed into hourly and daily data sets (MODIS_combined + 

GOES_small GOES aoi – ALICE results_summed by hour.txt and MODIS_combined 

ALICE 30 + GOES_small GOES aoi ALICE 26 – results_summed by hour.txt; and 

MODIS_combined + GOES_small GOES aoi – ALICE results_summed by day.txt and 

MODIS_combined ALICE 30 + GOES_small GOES aoi ALICE 26 – results_summed by 

day.txt, Appendix 1).  The combined image, hourly, and daily data sets from January 1, 
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2003 to June 30, 2009, using the results from the intermediate threshold are displayed in 

Figure A4.14.  The increased level of activity (e.g., faster dome effusion, and larger 

Vulcanian explosions) that occurred between September 2004 and September 2005 

(Varley et al., 2010a) is reflected in all three graphs (Figure A4.14a, b, and c).  Less 

excess radiance is detected during slow effusive periods (January to March 2003 and 

January 2007 to June 2009; Varley et al., 2010a).  This suggests that the slow lava dome 

growth is less likely to be detected by the thermal anomaly algorithms.  

The temporal resolution of the excess radiance data set, detected using thermal 

satellite data, is consistent with RSEM and the weather data.  The hourly data are 

compared with the hourly RSEM data, and the daily data set is compared with the daily 

RSEM and weather (mean temperature and total precipitation) data. 

6.2 Combining Satellite, RSEM, and Weather Data 

6.2.1 Method 

The final step in preparing the data sets for comparison is to create two data sets, 

one data set for the hourly excess radiance and RSEM data and one for the daily excess 

radiance, RSEM and weather data.  All three data sets cover a different length of time: 

the most complete combined MODIS (Terra and Aqua) and GOES data set occurs 

between January 1, 2003, and June 30, 2009; RSEM data was acquired from Universidad 

de Colima for the period between January 1, 2004, and December 31, 2008; and the 

weather data was downloaded for the period between January 1, 2000, and December 31, 

2010.  Therefore, the data sets were combined for the common time period of January 1, 

2004, to December 31, 2008. 
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6.2.1.1 Hourly Satellite and RSEM Data 

Hourly excess radiance (from the satellite detected thermal anomalies) and RSEM 

data are combined into one data set.  The excess radiance data from the conservative, 

intermediate, and liberal MODIS-GOES ALICE thresholds (i.e., ALICE > 3.0 for 

MODIS and GOES; ALICE > 3.0 for MODIS and ALICE > 2.6 for GOES; and ALICE > 

2.6 for MODIS and GOES) is used, resulting in three different combined data sets.   

Combinedatasets.m (Appendix 2) amalgamates the satellite detected excess 

radiance and RSEM data by using the RSEM data to set the dates for the time series for 

the hourly data.  The RSEM data is used because it has a complete time series of 43 848 

data points (i.e., twenty-four hours for each day of the year) between January 1, 2004, 

and December 31, 2009, whereas the satellite data set is incomplete with 37 380 data 

points due to missing images.  The excess radiance is set to NaN for hours that have 

missing satellite data is missing.  

6.2.1.2 Daily Satellite, RSEM, and Weather Data 

Daily RSEM, satellite (combined MODIS and GOES), mean temperature, and 

total precipitation data is amalgamated into one data set for each of the three ALICE 

threshold levels, conservative, intermediate, and liberal, using the combinedatasets.m 

Matlab code (Appendix 2).  All three time series are complete with 1827 data points 

between January 1, 2004, and December 31, 2008. 
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6.2.2 Results 

6.2.2.1 Hourly Satellite and RSEM Data 

Hourly satellite data and RSEM are amalgamated into three data sets, one for the 

conservative satellite threshold (i.e., ALICE > 3.0 for MODIS and GOES), one for the 

intermediate satellite threshold (i.e., ALICE > 3.0 for MODIS and 2.6 for GOES), and 

one for the least conservative satellite threshold (i.e., ALICE > 2.6 for MODIS and 

GOES) (hourly satellite (MODIS_combined, GOES_small GOES aoi – ALICE 30) and 

RSEM – 2004-2008.txt, hourly satellite (MODIS_combined ALICE 30, GOES_small 

GOES aoi ALICE 26) and RSEM – 2004-2008.txt, hourly satellite (MODIS_combined, 

GOES_small GOES aoi – ALICE 26) and RSEM 2004-2008.txt, respectively, Appendix 

1).   

Figure A4.15 shows the hourly RSEM data and excess radiance for thermal 

anomalies detected using the intermediate threshold (ALICE > 3.0 for MODIS and 

ALICE > 2.6 for GOES) between 2004 and 2008.  During the fast effusive episode of 

2004 (September to December) (Varley et al., 2010a) the RSEM increases abruptly above 

the base line and gradually falls back to baseline levels by the beginning of 2005.  Excess 

radiance is also detected during this period, particularly during the month of October.  

Furthermore, multiple punctual RSEM counts occur during the effusive and explosive 

episode between February and September 2005 (Varley et al., 2010a), multiple thermal 

anomalies are also detected during this period of time.  The RSEM baseline appears to 

fluctuate between October 2005 and the end of 2006 with fewer punctual events and 

thermal anomalies than are observed in early 2005.  Between 2007 and 2008 the RSEM 

baseline is relatively constant, increasing slightly between May and December 2008.  It 
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appears that even fewer punctual RSEM events and thermal anomalies occur during this 

period of slow effusion (Varley et al., 2010a).  

6.2.2.2 Daily Satellite, RSEM, and Weather Data 

Daily RSEM, satellite, and weather data are amalgamated for the three thermal 

anomaly detection threshold levels (Daily satellite (MODIS_combined, GOES_small 

GOES aoi – ALICE 30), RSEM, weather – 2004-2008.txt for the conservative threshold 

level, Daily satellite (MODIS_combined ALICE 30, GOES_small GOES aoi ALICE 26), 

RSEM, weather – 2004-2008.txt for the intermediate threshold level, Daily satellite 

(MODIS_combined, GOES_small GOES aoi – ALICE 26), RSEM, weather – 2004-

2008.txt for the liberal threshold level, Appendix 1).  The daily RSEM, excess radiance 

(detected using the intermediate threshold), and the weather data are then plotted for the 

period between 2004 and 2008, inclusive (Figure A4.16).  The precipitation data can be 

used to approximate the wet season, when it is more likely that the summit of Volcán de 

Colima is obscured by cloud, thereby preventing satellite detection of thermal energy 

emitted by volcanic activity. 

The noise observed in the hourly RSEM data is minimized in the daily RSEM 

data.  The RSEM and thermal anomalies observed in the hourly data for the 2004 fast 

effusive episode and the 2005 effusive and explosive episode (Varley et al., 2010a) 

remain in the daily data.  However, the RSEM baseline between October 2005 and 

December 2006 appears to be more consistent with fewer punctual anomalies in the daily 

data.  The characteristics observed in the hourly data between January 2007 and 

December 2008 are also observed in the daily data, although the number of punctual 

RSEM events is reduced. 



 

 108 

6.3 Statistics:  Correlating the Data Sets 

6.3.1 Method 

Time series data sets can be compared in the time domain or the frequency 

domain (Shumway and Stoffer, 2000).  Correlations in the time domain look for and 

model dependencies between the data sets while the frequency domain is used to examine 

the time series for periodicity (Shumway and Stoffer, 2000).  Correlations between the 

data sets with a known periodicity, such as Earth tides, and volcanic eruptions or 

seismicity are often performed using hypothesis tests such as a Schuster test (Emter, 

1997; van Manen et al., 2010b).  The Schuster test tests the distribution of events for 

uniformity with respect to the known variable, in the case of Earth tides the maxima and 

minima, or against a random sample to determine the significance of the correlations 

(Emter, 1997).  However, there is no known variable within the RSEM and weather data 

sets to test the satellite thermal detections against for a pattern.  Furthermore, at least four 

scenarios are possible when considering the relationship between seismicity and volcanic 

events: a seismic event could occur as a precursor, simultaneous to, or as a result of an 

eruption, or the eruption could be aseismic.   

The complexity of the time series problem is further increased when the 

individual data sets are examined.  First, the satellite images and thermal anomaly 

detection algorithms do not capture all of the volcanic events.  In addition to satellite 

outages, cloud cover can obscure the volcanic edifice from the satellite by absorbing the 

thermal infrared radiation emitted from the volcano (Pergola et al., 2004).  The 

precipitation data provides a rough indication of when cloud may cover Volcán de 

Colima’s edifice, however, the weather station is approximately 28 km from the summit 
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and may experience different weather.  Furthermore, cloud can be present without 

precipitation.  Second, low temperature volcanic activity may not emit enough radiance 

to be to distinguished from the normal background radiance, especially for satellites with 

coarser spatial resolution, such as GOES, where the emitting body occupies a smaller 

area of the pixel (Wright et al., 2002b).  Finally, the type of eruption and the timing of a 

volcanic event relative to satellite image acquisition affects whether of not it is detected 

(Wright et al., 2002b).  If an eruption exposes hot material, such as ejecta or pyroclastic 

flows, and image acquisition occurs during or shortly after the eruption and before the 

volcanic material cools, there is a better chance that it will be detected (Wright et al., 

2002b).  The result is that satellite thermal anomaly time series is effectively incomplete 

because volcanic events may go undetected.   

The RSEM data records all seismic events and does not distinguish the type of 

event (e.g., tectonic, volcanic tremor, long period events, rockfalls, etc.; Endo and 

Murray, 2001).  The type of event could be useful when looking for patterns and 

correlations between the eruptive events and the seismicity that is related to them. 

Due to the complexity of the statistics required to attempt correlation of the 

satellite thermal infrared and RSEM data, the statistics department at Simon Fraser 

University was consulted.  The use of conventional multivariate time series statistics is 

inappropriate because of complexity of the problem, and the intricacies of the natural 

system and thereby the data (Dr. Richard Lockhart, pers. comm., 2011).  It was suggested 

that point process statistics may be more appropriate for this type of correlation, however, 

due to the complexity, the statistical problem was not carried out in this project. 
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Instead of statistical correlation, exploratory data analysis was carried out on the 

time series.  The time series data sets were inspected visually for patterns and correlations 

over the five years (2004 to 2008, inclusive) using all four data sets.  Visual correlations 

and patterns were difficult to discern in Figures A4.15 and A4.16 due to the volume of 

data.  The data was inspected in more detail by plotting each year individually (Figures 

A4.17 to A4.21 for 2004 to 2008 respectively).  Finally, the hourly RSEM and satellite 

excess radiance data was plotted and inspected for each month between February and 

September 2005 (Figures A4.22 to A4.25).  February to September 2005 was chosen 

because out of the five years between 2004 and 2008, Volcán de Colima was most active 

during 2005.  Consequently more information is published for this period of time, 

providing detailed, verified information about the volcanic activity.  

6.3.2 Results 

Exploratory data analysis is carried out by first inspecting the hourly and daily 

data for each year between 2004 and 2008 (Figures A4.17 to A4.21).  The 2004 daily plot 

(Figure A4.17b) shows a relatively consistent RSEM baseline from January until the end 

of August.  The increased RSEM variability continues from the end of August until 

September 30 when it increases significantly.  The timing of the abrupt RSEM increase 

correlates with the beginning of the 2004 effusive episode.  A new lava dome was 

observed in the summit crater on September 25 (Arámbula-Mendoza et al., 2011).  By 

September 30, the lava dome filled the summit crater and small collapses at the edges 

caused incandescent avalanches down the flanks for Volcán de Colima (Arámbula-

Mendoza et al., 2011).   Effusive activity continued until December 2004 and resulted in 

two large lava flows on the north and northwest flanks (Varley et al., 2010a; Arámbula-
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Mendoza, 2011).  A detailed inspection of the 2004 hourly and daily time series (Figure 

A4.17) reveals that the RSEM increased quickly on September 30 and the first thermal 

anomaly, after the RSEM increase, was detected on October 1 between 07:00 and 08:00 

UTC. The RSEM continued to increase rapidly on October 1 but then decreased until 

October 5 and 6 when another increase occurred.  The RSEM count decreased quickly on 

October 7 and 8 then more slowly until October 30.  The RSEM count remained 

relatively constant after November 2, with some increased variability between mid-

November and mid-December, until it slowly decreased at the end of December.  Excess 

radiance was detected on September 23, two days before the new lava dome was 

reported, and on September 28, three days after the new lava dome was reported.  It is 

unknown if the source of the excess radiance observed on September 23 is the new lava 

dome or a Vulcanian eruption.  Excess radiance was detected with decreasing frequency 

between October 1, 2004, and December 26, 2004 (23 days in October, 8 days in 

November, and 3 days in December). 

The effusive episode between September and December 2004 appears to be the 

only time between 2004 and 2008 when the RSEM increased abruptly and then decreased 

slowly over an extended period of time.  Before and after the 2004, effusive episode the 

daily RSEM shows a baseline character, ranging between approximately 10 and 20 

counts.  Punctual increases in the daily RSEM count occur without any apparent 

periodicity.  The punctual RSEM increases are often but not always accompanied by 

excess radiance caused by satellite detected thermal anomalies.  The RSEM baseline in 

the first half 2005 appears to be slightly higher at approximately 25 counts (Figure 

A4.18).  Punctual RSEM events, observed using the daily data, are more frequent in 2005 
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(Figure A4.18) than they are in 2006, 2007, or 2008 (Figures A4.19, A4.20, and A4.21, 

respectively).   

The excess radiance from satellite detected thermal anomalies plots as punctual 

events with a baseline of zero.  The zero baseline is present even when a lava dome was 

present or growing in the summit crater (e.g., February to September 2005, and January 

2007 to December 2008; Figures A4.18, A4.20, and A4.21, respectively); this suggests 

that the surface of the lava dome is generally not hot enough or the hot surface of the 

dome is not large enough to raise the detected radiance above the normal background 

radiance of the pixels that represent the summit crater.  Furthermore, between 2005 and 

2008, daily excess radiance detections are most frequent in 2005 and decrease through 

2006, 2007, and 2008 (Figures A4.18, A4.19, A4.20, and A4.21).  2005 was 

characterized by fast effusive and large explosive events (Varley et al., 2010a; Arámbula-

Mendoza et al., 2011), thereby increasing the amount of hot volcanic material exposed to 

the satellite.  Activity in 2006 was characterized by smaller, less frequent eruptions 

(Smithsonian Institution, BVGN 31:03, 32:10, 34:04).  Slow growth of a new lava dome 

started in February (Smithsonian Institution, BVGN 32:10, 33:04, 33:10, and 34:04) and 

was still growing in December 2008 (Smithsonian Institution, BVGN 34:04).  During this 

period of time, January 2007 to December 2008, five to ten small explosions occurred 

daily at Volcán de Colima (Smithsonian Institution, BVGN 33:10 and 34:04). 

Next, the RSEM and excess radiance that was recorded during effusive and 

explosive eruptive episode that occurred between February and September 2005 (Varley 

et al., 2010a) is inspected more closely.  The hourly RSEM and excess radiance data were 

plotted for each of the eight months between February and September 2005, inclusive 
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(Figures A4.22 to A4.25).  This time period is used for closer inspection because it is the 

period for which the most verified published data exists.  Events reported by Varley et al. 

(2010a) and Arámbula-Mendoza et al. (2011) are plotted in addition to the dates when 

thermal anomalies were detected but do not correlate with one of the documented 

moderate to major eruptions. 

Four types of common observation are observed between February and September 

2005:  1) a punctual increase in the RSEM and excess radiance values occurs in the same 

hour that the eruption occurred; 2) the RSEM response occurs in the same hour as the 

eruption but the excess radiance occurs afterward by one to four hours; 3) a punctual 

RSEM increase is observed with the eruption, but no excess radiance is detected; and 4) 

excess radiance is detected but does not correlate to a reported moderate or major 

explosion.  The excess radiance in the second type of data response could be the detection 

of hot volcanic material produced by the documented explosion or it could be from a 

different undocumented explosion.  If the source of the thermal anomaly is the reported 

explosion, then the delayed detection of the hot volcanic material may be due to 

meteorological or ash cloud cover.  Excess radiance detected without a correlating 

documented volcanic event could be the result of a smaller volcanic eruption or a false 

detection. 

The first month of hourly excess radiance and RSEM data to be examined and 

correlated with documented events is February 2005 (Figure A4.22a, Table 6.1).  Two 

moderate explosions were reported by Varley et al. (2010a) and Arámbula-Mendoza et al. 

(2011) in February 2005.  The first explosion occurred on February 17 at 04:08 UTC and 

is marked by a type 1 observation.  The second moderate explosion, on February 21 at 
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Table 6.1 February and March 2005 documented eruptions, and excess radiance-RSEM observation types 

Date Observation 
Type 

Eruption 
Time (UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
no. or 
letter 

Feb 2005             
6 4   20:00 - 21:00 Punctual - corresponding   1 
7 4   18:00 - 19:00 Punctual - corresponding   2 
8 4   04:00 - 05:00 Punctual - 03:00 - 04:00   3 

10 4   23:00 - 00:00 
Increase in RSEM baseline & punctual 
22:00 - 00:00   4 

11 4   08:00 - 09:00 
Increase in RSEM baseline & punctual 
07:00 - 08:00   5 

13 4   17:00 - 18:00 Punctual -16:00 - 18:00   6 
16 4   08:00 - 09:00 Punctual - corresponding   7 
17 1 04:08   Punctual - corresponding Moderate explosion   
21 3 02:33   Punctual - 02:00 - 03:00 Moderate explosion   
              

Mar 
2005             

10 1 & 2 14:09 
14:00 - 15:00, 
17:00 - 18:00 

Increase in RSEM baseline & punctual 
increase between 14:00 - 15:00, and a 
smaller punctual increase between 
16:00 - 18:00 

Major explosion resulting in 
pyroclastic flows a 

13 2 21:28 
01:00 - 02:00 
(March 14) 

Increase in RSEM baseline & punctual 
21:00 - 22:00 

Explosion resulting in pyroclastic 
flows b 

14 4   21:00 - 22:00 Punctual - 21:00 - 22:00   c 
18 4   08:00 - 09:00 Punctual - 08:00 - 09:00   d 

19 4   20:00 - 21:00 
Increase in RSEM baseline & punctual 
20:00 - 22:00   e 

20 4   05:00 - 06:00 Punctual - 05:00 - 06:00   f 

24 3 22:21   
Increase in RSEM base line and 
punctual 22:00 - 23:00 Moderate explosion   
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Table 6.1   Continued 

Date Observation 
Type 

Eruption 
Time (UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
no. or 
letter 

Mar 2005 
Continued             

26 2 03:40 05:00 - 06:00 
Increase in RSEM base line and 
punctual 03:00 - 05:00 Moderate explosion g 

26 4   20:00 - 21:00 Small punctual - 20:00 - 22:00   h 
28 4   17:00 - 18:00 Punctual - 16:00 - 17:00   i 
29 4   15:00 - 16:00 Punctual - 15:00 - 17:00   j 
31 4   08:00 - 09:00 Punctual - 07:00 - 08:00   k 
31 4   20:00 - 21:00 Punctual - 19:00 - 20:00   l 

* Varley et al. (2010) 
+ Arámbula-Mendoza et al. (2011) 
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02:33 UTC was marked by a type 3 observation.  The weather station at the Colima 

airport recorded 0 mm of precipitation for February 21; however, this provides no 

confirmation of the cloud cover conditions.  Type 4 detections, excess radiance is 

detected without a documented volcanic event, occurs on seven different occasions 

before February 17, 2005 (Figure A4.22a 1 to 7).  All of these type 4 thermal anomaly 

detections occurred at the same time or immediately after a punctual increase in RSEM.   

Four large documented explosions were recorded in March 2005 (Figure A4.22b, 

Table 6.1), two major explosions that resulted in pyroclastic flows (March 10 and 13) and 

two moderate explosions (March 24 and 26) (Varley et al., 2010a and Arámbula-

Mendoza et al., 2011).  The first major explosion occurred on March 10 at 14:09 UTC 

and is marked by a punctual increase in the RSEM count and by two punctual excess 

radiance events, between 14:00 and 15:00 (type 1) and 17:00 and 18:00 UTC (type 2).  

Two explosion had type 2 detections, the first was a major explosion on March 13 at 

21:28 UTC, the second was a moderate explosion on March 26 at 03:40 UTC.  Excess 

radiance from the March 13 and 26 explosions was detected between 01:00 and 01:59 

UTC on March 14 and 05:00 and 05:59 UTC on March 26, approximately 3.5 to 4 hours 

and 1.5 to 2 hours after each explosion, respectively.  The remaining moderate explosion 

occurred on March 24, only a punctual increase in the RSEM values was observed (type 

3).  Increasing cumulative RSEM in the days before an eruption is sometimes observed at 

Volcán de Colima (De la Cruz-Reyna and Reyes-Dávila, 2001; Reyes-Dávila and De la 

Cruz-Reyna, 2002).  An increase in the RSEM baseline is observed before each 

documented explosion, but not for all of the type 4 detections (type 4 observations 

include c to f, h to l on Figure A4.22b).  Additionally, the RSEM baseline increased 
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between March 15 at 04:00 UTC and March 16 at 22:00 UTC; however, there is no 

documented volcanic activity or thermal anomaly detected which could be due to cloud 

cover since a total of 11.94 mm of precipitation was recorded by the weather station at 

the Colima airport.   

There are two type 2, two type 3 and twelve type 4 (numbers 1 to 4, 6 to 11, 13, 

and 14 in Figure A4.23a) observations in April 2005 (Figure A4.23a, Table 6.2).  The 

two type 2 observations correspond to the moderate explosions on April 12 and 20; the 

excess radiance is detected in the hour after both explosions occurred.  The two type 3 

observations correspond to the moderate explosions on April 22 and 29.  

Ten documented eruptions occurred in May 2005 (Figure A4.23b, Table 6.2).  A 

type 1 observation occurred for the May 4 moderate explosion, while a combination of 

type 1 and 2 observations are made for the May 16 and 24 major explosions.  There is 

one type 3 observation for the May 1 moderate explosion and fifteen type 4 observations 

(a, c to l, n, o, q, r on Figure A4.23b).  Three additional types of observations also occur 

in May 2005.  The May 5 and 8 explosions were accompanied by punctual increases in 

the RSEM value (type 3 observation), but a thermal source was detected approximately 2 

and 4 hours, respectively, before each explosion (type 4, c and e in Figure A4.23b).  

These thermal anomalies may be precursors to the documented explosion or may be a 

result of undocumented activity.  Type 3 observations also occurred for the May 10 and 

30 explosions, but no satellite data was acquired when the eruptions occurred.  Finally, 

two type 2 observations were made on May 3 and 25 with excess radiance detected 

approximately 1 and 2 hours after the explosions were recorded, respectively (b and p in 
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Table 6.2 April and May 2005 documented eruptions, and excess radiance-RSEM observation types 

Date Observation Type 
Eruption 

Time 
(UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
no. or 
letter 

Apr 2005             
1 4   19:00 - 20:00 Punctual - 19:00 - 20:00   1 
2 4   17:00 - 18:00 Punctual - 17:00 - 18:00   2 
8 4   04:00 - 05:00 Punctual - 04:00 - 05:00   3 
9 4   05:00 - 06:00 Punctual - 04:00 - 05:00   4 

12 2 04:41 
05:00 - 06:00, 
08:00 - 09:00 

Rapid increase in baseline starting 00:00 then 
punctual 04:00 - 05:00 Moderate explosion 5 

12 4   22:00 - 23:00 Punctual - 22:00 - 23:00   6 
14 4   08:00 - 09:00 Punctual - 07:00 - 09:00   7 
15 4   16:00 - 17:00 Punctual - 16:00 - 17:00   8 

17 4   06:00 - 07:00 
Increase in RSEM base line and punctual 06:00 
- 07:00   9 

18 4   05:00 - 06:00 Punctual - 05:00 - 06:00   10 

19 4   08:00 - 09:00 
Zeros for 08:00 - 10:00 (no seismicity or 
missing data?)   11 

20 2 01:56 02:00 - 06:00 
Increase in baseline starting April 19 at 19:00 
then punctual 01:00 - 04:00 Moderate explosion 12 

21 4   08:00 - 09:00 Punctual - 06:00 - 07:00   13 

22 3 09:39   
Increase in baseline starting April 21 at 20:00 
then punctual 09:00 - 10:00 Moderate explosion   

29 3 23:02   
Increase in baseline starting April 28 at 17:00 
then punctual 23:00 - 00:00 Moderate explosion   

30 4   17:00 - 18:00 Punctual - 17:00 - 18:00   14 
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Table 6.2   Continued 

Date Observation Type 
Eruption 

Time 
(UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
no. or 
letter 

May 
2005             

1 3 20:25   
Increase in baseline starting at 07:00 then 
punctual 20:00 - 21:00 Moderate explosion   

2 4   05:00 - 06:00 Punctual - 05:00 - 06:00   a 
3 2 21:20 22:00 - 23:00 Punctual - 21:00 - 22:00 Moderate explosion b 
4 1 20:14 20:00 - 21:00 Punctual - 20:00 - 21:00 Moderate explosion   

5 4   16:00 - 17:00 
Increase in baseline starting at 08:00 then 
punctual 17:00 - 18:00   c 

5 

3 with excess 
radiance detected 

before the eruption 
(c) 21:31   

Increase in baseline starting at 08:00 then 
punctual 21:00 - 22:00 Moderate explosion   

6 4   20:00 - 21:00 Punctual - 19:00 - 20:00   d 

8 4   09:00 - 10:00 
Increase in baseline starting May 7 at 15:00 
then punctual 10:00 - 12:00   e 

8 

3 with excess 
radiance detected 

before the eruption 
(e) 11:18   

Increase in baseline starting May 7 at 15:00 
then punctual 10:00 - 12:00 Moderate explosion   

10 

3 with missing 
excess radiance 

data 14:15   
Increase in baseline starting at 03:00 then 
punctual 14:00 - 15:00 Major explosion   

11 4   05:00 - 06:00 Punctual - 06:00 - 07:00   f 

13 4   17:00 - 18:00 
Punctual increase before excess radiance 
thermal anomaly - 14:00 - 15:00   g 

15 4   04:00 - 05:00 
Punctual increase before excess radiance 
thermal anomaly - May 14 23:00 - 00:00   h 

15 4   20:00 - 21:00 Punctual - 20:00 - 22:00   i 



 

 120 

Table 6.2   Continued 

Date Type of 
observation 

Eruption 
Time 

(UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
number 
or letter 

May 2005 
Continued             

16 1 & 2 02:01 
02:00 - 03:00, 
05:00 - 06:00 

Increase in baseline starting May 15 at 18:00 
then punctual 02:00 - 03:00 

Major explosion 
resulting in pyroclastic 
flows   

16 4   08:00 - 09:00 Punctual - 08:00 - 09:00   j 
17 4   04:00 - 05:00 Punctual - 03:00 - 05:00   k 
20 4   05:00 - 06:00 Punctual - 04:00 - 05:00   l 

24 1 & 2 00:10 
00:00 - 03:00, 
04:00 - 05:00 

Increase in baseline starting May 23 at 10:00 
then punctual 00:00 - 01:00   m 

24 4   09:00 - 10:00 No RSEM response   n 

25 4   
05:00 - 06:00, 
08:00 - 09:00 

Small increase between 03:00 - 05:00 and 
large punctual increase between 09:00 - 12:00 
(both after the excess radiance thermal 
anomaly)   o 

25 2 22:11 
00:00 - 3:00, 
04:00 - 05:00 No punctual RSEM response 

Sequence of moderate 
explosions p 

27 4   05:00 - 06:00 Punctual - 05:00 - 06:00   q 
27 4   17:00 - 18:00 Punctual - 17:00 - 18:00   r 

30 

3 with missing 
excess radiance 

data 08:26   Punctual - 08:00 - 09:00 

Major explosion 
resulting in pyroclastic 
flows   

* Varley et al. (2010) 
+ Arámbula-Mendoza et al. (2011) 
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Figure A4.23b).  However, a punctual increase in the RSEM count is observed for the 

eruption on May 3 but not on May 25.  

Figure A4.24 shows the hourly RSEM and excess radiance data for June and July.  

Three of the five documented explosions in June 2005 (1, 6, and 8 on Figure A4.24a, 

Table 6.3) coincide with the combination type 1 and 2 observation.  A type 2 observation 

is made for the June 10 major explosion, and one type 3 observation occurs for the lava 

dome growth and moderate explosion that occurred on June 13.  Nineteen type 4 

observations (2 to 5, 7, 9 to 14, 16 to 23 on Figure A4.24a) are made in June 2005.  

Finally, excess radiance is detected before, during, and after the documented volcanic 

event on June 5 at 19:20 UTC.  In July (Figure A4.24b, Table 6.3), one type 1 

observation (July 27), two type 3 observations (July 5 and 7), and one type 4 observation 

(a on Figure A4.24b) occurred. 

No volcanic events were documented in August 2005 (Figure A4.25a, Table 6.4); 

however, excess radiance was observed on August 2 between 10:00 and 11:00 UTC (type 

4).  Furthermore, a significant increase in the RSEM baseline was observed between 

August 21 at 01:00 UTC and August 22 at 04:00 UTC.  No rainfall was recorded for 

either of these days (Figure A4.18), but precipitation was recorded on August 20 and 25, 

therefore it is unknown if a smaller explosion occurred between August 21 and August 

22. 

Finally, one type 2, one type 3 and one type 4 observation was made during 

September 2005 (Figure A4.25b, Table 6.4).  The type 2 observation was made on 

September 27 and the excess radiance was detected approximately 3 hours after the major 

explosion was reported.  The type 3 observation was made for the major explosion on 
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Table 6.3 June and July 2005 documented eruptions, and excess radiance-RSEM observation types 

Date Observation Type 
Eruption 

Time 
(UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
no. or 
letter 

Jun 2005             

2 1 & 2 04:49 
04:00 - 07:00, 
09:00 - 10:00 Punctual - 04:00 - 06:00 

Lava dome growth and 
major explosion 1 

2 4   16:00 - 17:00 No RSEM response   2 

3 4   
05:00 - 06:00, 
08:00 - 09:00 Punctual - 03:00 - 05:00, 07:00 - 09:00   3 

3 4   17:00 - 18:00 No RSEM response   4 
5 4   17:00 - 18:00 Punctual - 19:00 - 22:00   5 

5 

1 & 2 with excess 
radiance detected 

before the eruption 
(5) 19:20 19:00 - 21:00 Punctual - 19:00 - 21:00   6 

6 4   08:00 - 09:00 Punctual - 08:00 - 09:00   7 
7 1 & 2 4:04 04:00 - 07:00 Punctual - 04:00 - 05:00   8 
7 4   13:00 - 14:00 Small increase between 13:00 - 14:00   9 

7 4   
17:00 - 18:00, 
20:00 - 21:00 

Small increase between 19:00 - 20:00 and 
21:00 - 22:00   10 

8 4   08:00 - 09:00 Punctual - 07:00 - 09:00   11 

8 4   
18:00 - 19:00, 
20:00 - 21:00 No RSEM response   12 

9 4   04:00 - 05:00 Small increase between 04:00 - 05:00   13 

9 4   
16:00 - 19:00, 
20:00 - 21:00 

Small increase between 17:00 - 18:00 and 
larger increase between 20:00 - 21:00   14 
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Table 6.3   Continued 

Date Observation Type 
Eruption 

Time 
(UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
no. or 
letter 

Jun 2005 
Continued             

10 2 02:54 
03:00 - 07:00, 
08:00 - 09:00 Punctual - 02:00 - 04:00 

Major explosion resulting 
in probable pyroclastic 
flows 15 

10 4   
17:00 - 18:00, 
20:00 - 21:00 Punctual - 20:00 - 21:00   16 

11 4   04:00 - 05:00 No RSEM response   17 
11 4   17:00 - 18:00 Small punctual increase - 17:00 - 18:00   18 

12 4   
17:00 - 18:00, 
20:00 - 21:00 

Small RSEM increase between 17:00 - 
19:00, and punctual increase - 22:00 - 
23:00   19 

13 3 14:06   Punctual - 14:00 - 15:00 
New lava dome growth, 
and moderate explosion   

14 4   05:00 - 06:00 Small punctual increase - 07:00 - 08:00   20 
14 4   17:00 - 18:00 Punctual - 18:00 - 19:00   21 
15 4   01:00 - 02:00 Punctual - 00:00 - 01:00   22 

21 4   17:00 - 18:00 No RSEM response   23 
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Table 6.3   Continued 

Date Observation Type 
Eruption 

Time 
(UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
no. or 
letter 

Jul 2005             

2 4   23:00 - 00:00 
Zeros for 23:00 - July 3 at 01:00 (no 
seismicity or missing data?)   a 

5 3 23:21   
Increase in baseline starting approximately 
July 4 at 13:00 then punctual 23:00 - 00:00 

Major explosion resulting 
in probably pyroclastic 
flows   

7 3 03:41   Punctual - 03:00 - 06:00 Moderate explosion   

27 1 09:13 09:00 - 10:00 

Increase in baseline starting approximately 
July 26 at 03:00 then punctual 09:00 - 
10:00 Major explosion b 

* Varley et al. (2010) 
+ Arámbula-Mendoza et al. (2011) 
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Table 6.4 August and September 2005 documented eruptions, and excess radiance-RSEM observation types 

Date Observation 
Types 

Eruption 
Time (UTC)* 

Excess 
Radiance Time 

(UTC) 
RSEM Response and Time (UTC) Activity+ 

Peak 
no. or 
letter 

Aug 
2005             

2 4   10:00 - 11:00 Punctual - 10:00 - 11:00   1 
              

Sep 
2005             

16 3 15:46   
Increase in baseline starting approximately September 14 at 
16:00 then punctual 15:00 - 16:00 Major explosion   

27 2 10:07 13:00 - 14:00 

Increase in baseline starting approximately September 27 at 
01:00 then punctual increase between 10:00 - 11:00 and 13:00 - 
14:00 Major explosion a 

27 4   23:00 - 00:00 
Punctual increase on September 28 between 00:00 - 01:00 and 
02:00 - 04:00   b 

* Varley et al. (2010) 
+ Arámbula-Mendoza et al. (2011) 
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September 16.  Precipitation was recorded at the Colima airport on September 16 

suggesting that cloud cover may have prevented the detection of thermal volcanic 

activity.  One type 4 observation occurs approximately 13 hours after the major explosion 

on September 27. 

Volcanic activity at Volcán de Colima was characterized by dome building and 

Vulcanian explosions (VEI = 1-2 and 2-3) between February and September 2005 

(Varley et al., 2010a; Arámbula-Mendoza et al., 2011; Zobin et al., 2011).  Figure 6.1 

summarizes the excess radiance observations during this period of time.  The number of 

documented eruptions increased in May (10 documented eruptions) and June (5 

documented eruptions).  The three of the documented explosions in May and June were 

the largest explosions (VEI = 2-3; May 16, 30, and June 5) that were observed between 

February and September 2005.  The number of documented explosions then decreased in 

July (3 documented explosions), August (0 documented explosions), and September (2 

documented explosions).  The number of excess radiance detections approximates the 

documented explosion trend (Figure 6.1) with the number of detections increasing from 

February through June, followed by a decrease in July, August, and September.  The total 

precipitation recorded by the Colima airport weather station suggests that the wet season 

occurred between June 23 and October 7, 2005.  Cloud can obstruct the ground-based 

visual observations and satellite observations of volcanic activity, therefore, the sharp 

decrease in documented explosions and detected excess radiance could be due to a 

decrease in activity or the inability to make visual and satellite observations.  

Within the eight months, February through September 2005, that were inspected 

using the hourly data, four instances of detected excess radiance occurred on days when 
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Figure 6.1 The number of documented moderate to major explosions (Varley et al., 2010 
and Arámbula-Mendoza et al., 2011), the number of documented explosions 
that correlate with excess radiance detections (type 1 or 2 observations), the 
number of type 4 observations (observations of excess radiance that do not 
correlate with a documented explosion), and the number of excess radiance 
detections (including type 1, 2, and 4 observations, and excess radiance 
detected before an explosion) for each month between February and 
September 2005. 
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precipitation was recorded at the Colima airport (February 6, August 2, and September 

27).  Four documented volcanic explosions occurred on days when precipitation was 

recorded at the Colima airport (March 16, July 27, September 16, and September 27).  

Therefore, the presence of recorded precipitation does not always prevent satellite 

detection of radiance from volcanic activity.  

6.4 Summary 

First, the MODIS and GOES data were combined into one satellite detected 

thermal anomaly data set.  Three different ALICE thresholds were determined by 

comparing the ALICE > 2.6 and 3.0 results from each satellite, a conservative threshold 

(ALICE > 3.0 for both MODIS and GOES data), an intermediate threshold (ALICE > 3.0 

for MODIS data and ALICE > 2.6 for GOES data), and a less conservative threshold 

(ALICE > 2.6 for both MODIS and GOES data). 

Hourly and daily data sets, from January 1, 2004, to December 31, 2008, were 

created for each of the three satellite thresholds.  The hourly data sets include the hourly 

RSEM and excess radiance (detected by the satellite imagery) time series data sets, and 

daily data sets consist of the daily RSEM, excess radiance, mean temperature, and total 

precipitation (from the weather station near the Colima airport – Station 766560) time 

series data sets. 

The non-linear nature of the volcanic system as well as the complexity of the data 

sets prevented statistical correlation and analysis of the multiple time series.  For 

example, the thermal anomaly data set is affected by the multiple variables that determine 

if volcanic activity is detected as a thermal anomaly including: the size, type, 
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temperature, and timing of the activity, the spatial and temporal resolution of the satellite, 

and if cloud obstructs the thermal anomaly from the satellite platform; and the RSEM 

data does not distinguish between the different types of seismic activity.  Therefore, 

exploratory data analysis was completed using visual observations of the behaviour of the 

RSEM and excess radiance data relative to reported activity. 

The exploratory data analysis was applied to each year between 2004 and 2008 

(inclusive) first.  Then the period between February and March 2005 was examined in 

more detail.  The increased level of activity at the end of 2004 and in 2005 was observed 

in both the RSEM and the excess radiance data (Figures A4.17 and A4.18).  Fewer 

anomalies (i.e., RSEM counts above the baseline, and excess radiance above 0 W m-2 µm-

1) occurred in 2006, 2007, and 2008.  The activity at Volcán de Colima in 2006 was 

characterized by periodic small explosions (Smithsonian Institution, BVGN 32:10), while 

2007 and 2008 were characterized by the slow growth of a new lava dome and 5 to 10 

explosions per day (Smithsonian Institution, BVGN 33:04, 33:10, and 34:04).   Analysis 

suggests that the intensity of the volcanic activity is reflected in the number of anomalies 

observed in both the RSEM and excess radiance data; faster effusion rates and larger 

explosions result in RSEM and excess radiance anomalies more often than slow effusion 

rates and smaller explosions.  

Next, the hourly data were examined monthly for the period between February 

and September 2005.  Four main types of RSEM and excess radiance observations occur 

with respect to documented explosive activity.  Type 1 observations are characterized by 

a punctual increase in the RSEM and the excess radiance values in the same hour that the 

documented eruption occurred.   In type 2 observations, the RSEM response occurs in the 
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same hour as the eruption but the excess radiance occurs one to four hours later.  Type 3 

observations occur when a punctual RSEM increase is observed with the eruption, but no 

excess radiance is detected, and type 4 observations are characterized by detected excess 

radiance that does not correlate with a documented moderate or major explosion.  The 

results show that the number of satellite detected thermal anomalies approximates the 

trend of the number of documented volcanic eruptions; however, both data sets may be 

biased by weather conditions.  Furthermore, RSEM usually increases in the same hour as 

the eruptions, one documented eruption (May 25) was not accompanied by an RSEM 

increase between February and September 2005.  RSEM observations also suggest that 

the RSEM often increases above the baseline before eruptions, however, this RSEM 

behaviour was not always accompanied by a documented eruption or an excess radiance 

anomaly.  Whether or not an eruption occurred during these RSEM increases is not 

conclusive due to observational biases caused by weather conditions.  Furthermore, the 

type of seismic activity that accompanies the documented explosions and excess radiance 

anomalies is not known. 
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7: Discussion 

The objective of this thesis was to establish a procedure to identify past patterns in 

volcanic behaviour using long-term satellite time series data.  Volcanic activity was 

identified using satellite-detected, anomalously high thermal infrared radiance and was 

compared with other ground based time series data, such as RSEM, weather data, and the 

observed eruption record.  The purpose of the process is to provide an additional tool for 

forecasting future volcanic behaviour based on the characterization of past behaviours. 

The process consists of three main steps:  1) customizing the existing thermal 

anomaly detection hybrid algorithm (Koeppen et al., 2010) for Volcán de Colima; 2) 

obtaining and organizing all time series to the same time intervals; and 3) inspecting the 

multiple time series for patterns and correlations to characterize the behaviour of the 

volcano. 

The overall results of the process indicate that both the excess radiance and 

RSEM data followed the general trend of the volcanic activity between 2004 and 2008.  

During periods when rapid effusion and larger explosions were reported, more excess 

radiance anomalies were detected and the RSEM baseline tended to be higher, while 

fewer thermal anomalies and lower RSEM baselines were observed during periods of 

reduced activity or slow effusion.  A more detailed examination of the effusive episode 

between September and December 2004 showed a distinctive signature in both the excess 

radiance and RSEM data sets where both abruptly increase within five days of the 

documented start of the effusive eruption.  Both data sets decrease gradually, the RSEM 
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more slowly than the excess radiance.  A similar pattern occurred in November 1998 

when seventeen days of strong, continuous seismic activity was followed by an extrusive 

event that began on November 19, 1998 which corresponded to an increase in the number 

of thermal anomalies detected by GOES (Harris et al., 2000).  The period between 

February and September 2005 was also examined in detail by correlating the date and 

time of documented eruptions with the excess radiance and RSEM data.  All documented 

eruptions between February and September 2005 were detected by either excess radiance 

from thermal anomalies, or RSEM, or a combination of both. 

7.1 Satellite Algorithms:  Detecting Thermal Anomalies from Satellite 
Imagery 

In step one of the process, the hybrid algorithm (Koeppen et al., 2010) was 

customized to detect thermal anomalies caused by volcanic activity on Volcán de Colima 

in satellite images acquired at night and during the day.  The algorithm was customized 

using area of interests to isolate the volcanic edifice for evaluation, and a combination of 

MODVOLC NTI and RST ALICE thresholds.  The results were examined for accuracy 

using volcanic activity observations from published articles and the Smithsonian Institute 

Global Volcanism Program Monthly Reports. 

The hybrid algorithm was optimized for Volcán de Colima using a combination of 

MODVOLC NTI thresholds and ALICE thresholds.  NTI thresholds of -0.82 and -0.67 

for MODIS night- and day-time data, respectively, were determined by examining the 

number of detected alerts.  ALICE thresholds of 2.6 and 3.0 were determined for both the 

GOES and MODIS data by examining the number and spatial distribution of the detected 

anomalies for the data sets as a whole and for the night- and day-time images separately.  
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The MODIS and GOES data sets were combined using ALICE > 3.0 and 2.6, 

respectively.  The effectiveness of the algorithm and the thresholds was evaluated for the 

period between January 2003 and June 2009.  First, the overall thermal anomaly 

detection results were compared with the general eruptive activity that took place 

between May 2001 and March 2003, July and August 2003, September and December 

2004, February and September 2005, and January 2007 to the present (Varley et al., 

2010a).  A minimum amount of activity of 2 to 10 Vulcanian explosions per day has 

occurred since 2003, therefore, excess radiance detections are expected and do occur 

throughout the time series between January 2003 and June 2009.  The number of thermal 

anomalies increases during periods of rapid effusion (September to December 2004; 

approximately 6 to 8 m3 s-1; Varley et al., 2010a) and large (VEI 1-2 and 2-3) explosions 

(February to September 2005) (Varley et al., 2010a).  The number of thermal anomalies 

detected does not, however, appear to change during periods of slow effusion (< 1m3 s-1; 

May 2001 to March 2003 and January 2007 to June 2009; Varley et al., 2010a, 2010b).  

These general observations regarding the satellite detection of thermal anomalies during 

different types of eruption episodes at Volcán de Colima are consistent with thermal 

anomalies detected at Popocatépetl, Mexico (Wright et al., 2002b).  Wright et al. (2002b) 

found that GOES did not detect endogenous dome growth at Popocatépetl, Mexico, but 

did detect exogenous dome growth and growth processes that expose hot volcanic 

material (e.g., collapses, degassing and explosions).  Furthermore, Wright et al. (2002b) 

noted that the cooling explosion products were most often detected by GOES rather than 

the explosion itself.  Marchese et al. (2011) was able to detect effusive events, gas vents, 

lava fountaining, and small to medium sized Strombolian eruptions at Mount Etna using 
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the RST algorithm on AVHRR imagery which has the same spatial resolution as MODIS 

(1 km). 

The spatial resolution of the satellite also determines the minimum temperature 

and/or the minimum size of volcanic activity that will be detected.  Lower temperature 

anomalies must occupy a larger portion of the pixel to increase the amount of radiance 

detected (Dozier, 1981; Harris et al., 1997; Wright et al., 2002b).  Therefore, satellites 

with coarser spatial resolutions, such as GOES, are less likely to detect spatially small, 

low temperature activity, like slow dome growth, as thermal anomalies (Harris et al., 

2000, 2001a; Wright et al., 2002b).  Higher spatial resolution satellites, such as MODIS, 

may detect some of the lower temperature activity as thermal anomalies, however the 

coarse temporal resolution means that the activity must occur near-simultaneously to the 

image acquisition so that the eruptive products are still hot enough to be detected. 

Both satellite data sets used in this project are limited by resolution, spatially for 

GOES and temporally for MODIS.  The two satellites were combined for this project to 

compensate for these limitations, however, the limitations still exist within the resulting 

data set.  MODIS is able to detect smaller or cooler volcanic activity up to four times per 

day, but between the MODIS image acquisition, the GOES data set is still limited by the 

coarse spatial resolution and volcanic activity may go undetected.  

Next, the effectiveness of the algorithms was examined using detailed eruption 

data between February and September 2005, a period when more intense, larger 

explosions occurred at Volcán de Colima (Varley et al., 2010a; Arámbula-Mendoza et al., 

2011).  The explosion data were visually and temporally correlated with the excess 

radiance thermal anomalies.  The detailed correlated data show that, generally, the 
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number of excess radiance anomalies that are detected follows the trend of the number of 

documented moderate to major eruptions.  However, not all documented explosions had 

corresponding excess radiance detections.  Undetected documented explosions may be 

due to meteorological or ash clouds that obscure the hot volcanic eruptive products from 

the satellite by absorbing the thermal radiation (Harris et al., 2001a, 2001b; Pergola et al., 

2004; Marchese et al., 2011).  Marchese et al. (2011) removed all images, from the 

AVHRR data set, where cloud completely covered the Mount Etna edifice, but was 

unable to quantify the number of thermal anomalies that were missed due to this 

omission.   

Temporal resolution (i.e., eruptive products have cooled before an image is 

acquired), or factors affecting the temporal resolution such as bad satellite data (i.e. from 

particles hitting the sensor, or missing images due to satellite maintenance or 

malfunctions), may also cause documented explosions to go undetected.  Conversely, not 

all detected excess radiance anomalies correspond to documented explosions.  This 

suggests that either these anomalies are caused by volcanic activity that has not been 

documented or they are false detections.   

A third common observation in the detailed data was excess radiance anomalies 

that occurred hours after an explosion.  The source of these thermal anomalies may be the 

cooling eruptive products of the documented explosions, or hot eruptive products from 

other undocumented volcanic activity, or the anomalies could be false detections.  

Marchese et al. (2011) found that undocumented activity detected using RST on AVHRR 

data over Mount Etna were due to cooling lava, unreported activity, especially punctual 

short-lived activity, or false detections.  The false detections were found to be caused 
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primarily by natural fluctuations in the conditions around the edifice, reflection from 

cloud edges and bad data (Marchese et al., 2011).  Furthermore, two eruptions at Volcán 

de Colima in May 2005 had excess radiance detections 2 to 4 hours before the 

documented eruption.  These anomalies may be due to undocumented smaller explosions 

that took place before the larger documented eruptions, false detections, or they may be 

precursors to the large eruptions.  Pergola et al. (2009) identified possible precursor 

thermal anomalies on Mount Etna and Stromboli volcano 5 days and 1 week, 

respectively, before the documented eruptions using the RST approach with an ALICE 

threshold of 2.0 on AVHRR data.  This observation confirms the necessity of detailed 

accounts of volcanic activity to ground-truth the results of the thermal anomaly 

algorithms thereby calibrating and optimizing them. 

The results of the satellite detected thermal anomaly analysis in this thesis suggest 

that the time series is incomplete because of missing data due to satellite malfunction, 

and/or missing detections due to cloud cover, spatial resolution, or temporal resolution.  

Furthermore, the effectiveness of the thermal anomaly detection algorithm is unknown 

due to the inability to verify many of the thermal detections and thereby quantify the 

number of false detections and their causes. 

Unfortunately missing and bad data due to events at the satellite are unavoidable.  

However, a reliable cloud identification algorithm would identify periods when volcanic 

activity is not detected using satellite imagery due to cloud cover.  The addition of a 

cloud detection algorithm to this process is possible and tangible because cloud mask 

algorithms, such as the MODIS cloud mask and the GOES cloud identification process 

(Xu et al., 2010) already exist.  The inclusion of the MODIS cloud mask within the 
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hybrid algorithm was explored by Koeppen et al. (2010) and in this project, however, the 

MODIS cloud mask is less accurate over environments that are common on and around 

volcanoes (e.g., non-vegetated surfaces, transition areas from non-vegetated to vegetated 

ground cover, and high elevations; Platnick et al., 2003; Koeppen et al., 2010).  

Furthermore, the effectiveness of the algorithm proposed by Xu et al. (2010) would 

require extensive testing and optimization for the area surrounding Volcán de Colima.  

Volcanic activity may also be missed due to the spatial or temporal resolution of 

the sensor that is used to detect the thermal anomalies.  In this case, a balance between 

spatial and temporal resolution was attempted by using both MODIS (higher spatial and 

low temporal resolution) and GOES (low spatial and high temporal resolution) satellite 

imagery; however, volcanic activity may still go undetected by both satellites.  Ideally, a 

satellite with a spectral band in the mid-thermal infrared spectrum that has a high spatial 

and temporal resolution would be used to capture the most thermal volcanic activity and 

characterize the volcano’s behaviour.  Unfortunately such a satellite does not currently 

exist.  Another solution is to use multiple higher resolution satellites, such as AVHRR 

and the planned HyspIRI (Hyperspectral Infrared Imager), to increase the temporal 

resolution of higher spatial resolution data thus increasing the probability of detecting 

lower temperature volcanic activity.   

Finally, a balance between the ability to detect low temperature and/or spatially 

small volcanic activity and the occurrence of false detections is required.  This balance is 

achieved by adjusting the thresholds within the hybrid algorithm.  Interpretation of 

volcanic activity detections versus false detections was attempted by examining the 

spatial distribution of anomalies, including the relative number and spatial distribution of 
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nighttime versus daytime anomalies, and by comparing the anomaly detections to 

documented volcanic activity reports.  This analysis suggests that false detections are 

more probable in daytime images, especially in the GOES data.  The spatial distribution 

of the GOES detected thermal anomalies locates numerous daytime detections northeast 

of the summit crater, however, few nighttime detections occur there.   

Fewer false detections occur in the nighttime data because there is less 

background variability and greater temperature contrast between the volcanic heat source 

and the normal ambient background due to the absence of solar heating and solar 

reflection; for this reason most algorithms use only nighttime data to identify volcanic 

thermal anomalies from satellite data (Ackerman et al., 1998, Wright et al., 2002a, 2004; 

Pergola et al., 2004, 2009; Koeppen et al., 2010).  Nevertheless, a balance would be more 

easily reached and quantified if detailed volcanic activity observations are available to 

correlate with detected thermal anomalies.  Therefore, a detailed and complete record of 

volcanic activity from ground based observational networks is required to calibrate and 

optimize the satellite thermal detection algorithms. 

7.2 Additional Time Series Data Sets 

The next step in the process is to acquire other time series data sets.  Hourly 

RSEM and daily mean temperature and total precipitation data were obtained for Volcán 

de Colima.  As with the satellite time series data, the limitations of these other time series 

data sets must be explored and understood.  In the case of the RSEM data, the data were 

received with an hourly temporal resolution, however, the raw data is a continuous data 

set that has an RSEM value calculated for every 2 minutes.  The raw data were summed 

for each hour to achieve the hourly time series.  RSEM data are a measure of seismic 
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energy that is measured by finding the root mean square of the seismic signal and are 

proportional to the strain release rate at the volcano, therefore RSEM is a good indicator 

of volcanic processes (e.g. effusion, Vulcanian explosions, and degassing) occurring at 

the volcano (De la Cruz-Reyna and Reyes-Dávila, 2001; Reyes-Dávila and De la Cruz-

Reyna, 2002).  Additionally, an increase in the cumulative RSEM has been observed to 

occur before some eruptions at Volcán de Colima (De la Cruz-Reyna and Reyes-Dávila, 

2001; Reyes-Dávila and De la Cruz-Reyna, 2002).  These characteristics make it an ideal 

time series to combine and correlate with the satellite thermal anomaly time series.  One 

disadvantage of the RSEM data is that it does not indicate the type of the seismic signal 

that is measured (Endo and Murray, 1991).  This information would be useful for 

correlating the time series because different types of seismicity have different sources.  

For example, seismicity created by rockfalls may occur as a result of an eruption, 

whereas long period events at Volcán de Colima have been observed before, during, and 

after Vulcanian explosions and are thought to be a result of brittle fracturing at the 

conduit walls caused by high strain rates from magma ascent (Varley et al., 2010a, 

2010b) or of fluid resonance in a fracture (Arámbula-Mendoza et al., 2011).  Volcanic 

tremor was observed at Volcán de Colima in 2002 and in 2005 (Varley et al., 2010a) and 

may correspond to degassing events (Arámbula-Mendoza et al., 2011).  Therefore, the 

timing and type of seismic event may lead to a better understanding of the correlation 

between seismicity and the volcanic activity causing satellite thermal anomalies. 

The weather data used in this project were collected at a station approximately 28 

km south-southeast of the Volcán de Colima’s summit crater and approximately 3 137 m 

below the elevation of the summit crater.  Therefore, the weather conditions recorded at 
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the station are clearly not representative of the conditions at the active summit crater of 

Volcán de Colima.  Thus, the mean temperature and total precipitation time series must 

be used conservatively when correlating time series data.  While a weather station at the 

summit of Volcán de Colima is not possible, a station on Nevado de Colima at the same 

elevation as Volcán de Colima may provide mean temperature, total precipitation and 

barometric pressure time series that are more representative of the conditions at the 

summit of Volcán de Colima. 

7.3 Correlating the Time Series Data 

The final step in the process, was to inspect the multiple time series for patterns 

and correlations in order to characterize past volcanic behaviour at Volcán de Colima.  

Ideally, time series statistics would be used to identify statistically significant correlations 

and patterns in the data.  The complexity of the statistical problem prohibited the 

completion of time series statistics on the data set acquired for Volcán de Colima.  The 

complexity is created by a combination of the non-linear behaviour of volcanic systems 

(Varley et al., 2006), the presence of multiple variables that have unknown periodicity 

(making it a multivariate problem), and the intricacies of the data sets, particularly the 

satellite time series.  These intricacies include the unknown accuracy and zero value 

baseline of the satellite thermal anomaly data (Dr. Richard Lockhart, pers. comm., 2011), 

that seismicity can occur before, during and after volcanic eruptions at Volcán de Colima 

(Varley et al., 2010a), the unknown nature or type of seismicity that is observed on the 

RSEM (Endo and Murray, 1991), and that the probability of seismic activity changes 

once a seismic event occurs.  Thus, current standard time series analysis techniques 

cannot be used. 
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Instead of statistical analysis, exploratory data analysis was carried out visually 

and temporally on the data set.  Temporal and spatial visual inspection of the results of 

satellite detected thermal anomalies is commonly used to inspect the accuracy of the 

algorithms used to detect them (Harris et al., 2001a; Wright et al., 2002b; Pergola et al., 

2004, 2009; van Manen et al., 2010a; Marchese et al., 2011).  Analysis showed that the 

number of satellite detected thermal anomalies tracks with the number of documented 

explosions, but the thermal anomalies are more numerous than the documented events.  

This observation suggests that the algorithm is generally detecting fewer thermal 

anomalies during less active volcanic periods and more thermal anomalies during more 

active volcanic periods.  Similar to the findings of Wright et al. (2002b) at Popocatépetl, 

Mexico using GOES satellite imagery, thermal anomalies appear to be detected in 

response to rapid effusion and explosions and the hot products that they erupt, while slow 

dome growth does not appear to cause thermal anomalies in the satellite data.  Whether or 

not other types of volcanic activity (e.g., fumaroles, degassing events, incandescent 

avalanches caused by gravitational collapses) are detected using the satellite thermal 

anomaly detection algorithms is unknown.  Furthermore, the number of false detections 

in the thermal anomaly data set is unknown.   

The RSEM data appears to have a baseline amount of activity that increases by a 

small amount during more active volcanic periods (e.g., 2004 and 2005).  RSEM data 

also often experience a punctual increase in the same hour that the explosion occurs.  

Additionally, an increase in the baseline of the RSEM data is often observed before the 

punctual increase that corresponds with the explosion; excess radiance is also commonly 

detected.  De la Cruz-Reyna and Reyes-Dávila (2001) found that this type of behaviour, 
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increasing cumulative RSEM, is sometimes a precursor to an eruption at Volcán de 

Colima, however, this behaviour is also observed in the time series data set without a 

corresponding documented explosion or excess radiance detection.  Whether or not an 

eruption occurred on these occasions, but was undocumented and undetected by the 

satellite imagery due to cloud conditions, is not known. 
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8: Conclusions 

A procedure to characterize the behaviour of an active volcano over an extended 

time period using satellite-detected volcanic thermal anomalies and other time series data 

sets collected on the volcano was established in this thesis.  Thermal anomalies caused by 

volcanic activity were detected from MODIS and GOES satellite data by identifying 

pixels with radiance values that exceeded the normal background radiance and its natural 

variance.  The thermal anomaly results were then plotted as a time series with RSEM, 

mean temperature, and precipitation data, and the time series were inspected for 

correlations and patterns. 

The thermal anomalies were detected using the hybrid approach algorithm 

(Koeppen et al., 2010).  Thresholds within the algorithm were optimized for Volcán de 

Colima: 

• MODIS Thresholds: 

• Nighttime MODVOLC NTI = -0.82; 

• Daytime MODVOLC NTI = -0.67; 

• Night- and day-time ALICE > 3.0. 

• GOES Thresholds: 

• Nighttime MODVOLC NTI = -0.82; 

• Daytime modified MODVOLC NTI = -0.82; 



 

 145 

• Night- and day-time ALICE > 2.6. 

Inspection of the thermal anomaly time series indicates that the number of 

detected anomalies reflects the frequency and intensity of volcanic activity.  Furthermore, 

detection of volcanic thermal anomalies is dependent on the type of activity, for example, 

rapidly emplaced lava domes and flows, and eruptive products of some Vulcanian 

explosions often detected; while slow, endogenous dome growth is not detected. 

 The hourly thermal anomaly and RSEM time series were compared.  Qualitative 

analysis of the two time series reveals that: 

• In general, the intensity of the volcanic activity is reflected by the number of 

anomalies observed in the RSEM as well as the excess radiance data; 

• Four main types of RSEM and excess radiance observations were found using 

exploratory data analysis of the between February and September 2005.  Thermal 

anomalies and an increase in RSEM are often associated with volcanic activity, 

however, both data sets are required because thermal anomalies are not always 

accompanied by seismicity or a documented eruption (i.e., aseismic volcanic activity, 

and anomalies that precede documented eruptions). 

The ability to characterize volcanic behaviour using multiple long-term time 

series data would be improved by:  

• Collecting continuous, detailed data sets that measure the volcanic response to similar 

processes.  The data should be compiled in an up-to-date time series.  The detailed 

data would supplement field observations and lead to better characterization of 

volcanic behaviour.  Examples of time series data that could be included are:  
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• Temperature, precipitation, wind, and barometric pressure data collected from 

a weather station that acquires data that is more representative of the 

conditions at the summit of Volcán de Colima (i.e., at the summit crater or on 

Nevado de Colima at the same elevation as the summit crater); 

• The type of seismicity to complement the RSEM data; 

• Deformation data (GPS, tiltmeter, InSAR); gas data (FLYSPEC). 

• Increasing the temporal resolution and the sensitivity of the thermal anomaly data set 

by including multiple satellite spectrometers (e.g., AVHRR, ASTER, and possibly 

HyspIRI in the future, etc.). 

• Optimizing the thermal anomaly time series by quantifying its sensitivity and 

accuracy using the detailed time series, visual field observations, high resolution 

thermal imagery, and an accurate cloud screening algorithm. 

• Developing a new statistical process to correlate the multiple, non-linear time series 

data sets is required.   
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Appendices 
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Appendix 1: DVD Data Appendix 

The DVD, attached, forms a part of this work.  

Data text files are tab-delimited and can be opened with a text editor or be imported into Matlab.  Each data 

text file has a matching header file that can be opened with MSExcel.  All other data files are in Excel files.  

Data Files: 
3:  MODIS Algorithm:  Methods and Results 9.9 MB 
MODIS cloud mask and manual cloud classification results.xlsx 1.8 MB 
MODIS_day ALICE results.txt 1.3 MB 
MODIS_day ALICE results_header.xlsx 26  KB 
MODIS_night ALICE results.txt 1.3 MB 
MODIS_night ALICE results_header.xlsx 9 KB 
MODIS_combined ALICE results.txt 2.6 MB 
MODIS_combined ALICE results_header.xlsx 26  KB 
MODIS_combined ALICE results_summed by hour.txt 2.2 MB 
MODIS_combined ALICE results_summed by hour_header.xlsx 9 KB 
MODIS_combined ALICE results_summed by day.txt 0.6 MB 
MODIS_combined ALICE results_summed by day_header.xlsx 29 KB 
  
4:  GOES Algorithm:  Methods and Results 1.1 GB 
mexicow_raw_101118_221231_550560.txt 868.5 MB 
mexicow_raw_101118_221231_550560_header.xlsx 30 KB 
mexicow_sum_101118_221231_550560.txt 40.2 MB 
mexicow_sum_101118_221231_550560_header.xlsx 31 KB 
GOES ALICE results_images with saturated pixels.txt 0.3 KB 
GOES ALICE results_images with saturated pixels_header.xlsx 8 KB 
GOES ALICE results_images with possible bad data.txt 1 KB 
GOES ALICE results_images with possible bad data_header.xlsx 8 KB 
GOES ALICE results.txt 43.9 MB 
GOES ALICE results_header.xlsx 31 KB 
GOES ALICE results_summed by hour.txt 16.1 MB 
GOES ALICE results_summed by hour_header.xlsx 27 KB 
GOES ALICE results_summed by day.txt 0.7 MB 
GOES ALICE results_summed by day_header.xlsx 30 KB 
GOES ALICE results_night.txt 22.4 MB 
GOES ALICE results_night_header.xlsx 31 KB 
GOES ALICE results_day.txt 25.4 MB 
GOES ALICE results_day_header.xlsx 31 KB 
GOES ALICE results_small GOES area of interest.txt 43.8 MB 
GOES ALICE results_small GOES area of interest_header.xlsx 30 KB 
GOES ALICE results_small GOES area of interest_night.txt 22.3 MB 
GOES ALICE results_small GOES area of interest_night_header.xlsx 31 KB 
GOES ALICE results_small GOES area of interest_day.txt 25.4 MB 
GOES ALICE results_small GOES area of interest_day_header.xlsx 30 KB 
  
5:  Other Data Sets:  RSEM, Weather, and Activity Reports 7.9 MB 
HourlyRSEM2004EZV4matlab.txt 0.2 MB 
HourlyRSEM2004EZV4matlab_header.xlsx 30 KB 
5:  Other Data Sets:  RSEM, Weather, and Activity Reports - 
Continued 
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HourlyRSEM2005matlab.txt 0.2 MB 
HourlyRSEM2005matlab_header.xlsx 30 KB 
HourlyRSEM2006matlab.txt 0.2 MB 
HourlyRSEM2006matlab_header.xlsx 30 KB 
HourlyRSEM2007matlab.txt 0.2 MB 
HourlyRSEM2007matlab_header.xlsx 30 KB 
HourlyRSEM2008EZV4matlab.txt 0.2 MB 
HourlyRSEM2008EZV4matlab_header.xlsx 30 KB 
RSEM data_2004 to 2008_hourly.txt 3.9 MB 
RSEM data_2004 to 2008_hourly_header.xlsx 29 KB 
RSEM data_2004 to 2008_summed by day.txt 0.1 MB 
RSEM data_2004 to 2008_summed by day_header.xlsx 29 KB 
Colima_766580-2000-2010.xlsx 1.0 MB 
Ciudad Guzman_766560-2000-2010.xlsx 0.6 MB 
Colima_766580_2000-2010-matlab.xlsx 0.2 MB 
Ciudad Guzman_766560-2000-2010-matlab.xlsx 0.1 MB 
Colima weather data.txt 0.4 MB 
Colima weather data_header.xlsx 29 KB 
Ciudad Guzman weather data.txt 0.4 MB 
Ciudad Guzman weather data_header.xlsx 29 KB 
  
6:  Combining Data Sets 82.1 MB 
MODIS_combined + GOES_small GOES aoi – ALICE results.txt 32.3 MB 
MODIS_combined + GOES_small GOES aoi – ALICE 
results_header.xlsx 

26 KB 

MODIS_combined ALICE 30 + GOES_small GOES aoi ALICE 26 – 
results.txt 

18.3 MB 

MODIS_combined ALICE 30 + GOES_small GOES aoi ALICE 26 – 
results_header.xlsx 

26 KB 

MODIS_combined + GOES_small GOES aoi – ALICE results_summed 
by hour.txt 

10.8 MB 

MODIS_combined + GOES_small GOES aoi – ALICE results_summed 
by hour_header.xlsx 

30 KB 

MODIS_combined ALICE 30 + GOES_small GOES aoi ALICE 26 – 
results_summed by hour.txt 

5.5 MB 

MODIS_combined ALICE 30 + GOES_small GOES aoi ALICE 26 – 
results_summed by hour_header.xlsx 

29 KB 

MODIS_combined + GOES_small GOES aoi – ALICE results_summed 
by day.txt 

0.7 MB 

MODIS_combined + GOES_small GOES aoi – ALICE results_summed 
by day_header.xlsx 

29 KB 

MODIS_combined ALICE 30 + GOES_small GOES aoi ALICE 26 – 
results_summed by day.txt 

0.3 MB 

MODIS_combined ALICE 30 + GOES_small GOES aoi ALICE 26 – 
results_summed by day_header.xlsx 

29 KB 

Hourly satellite (MODIS_combined, GOES_small GOES aoi – ALICE 
30) and RSEM – 2004-2008.txt 

4.3 MB 

Hourly satellite (MODIS_combined, GOES_small GOES aoi – ALICE 
30) and RSEM – 2004-2008_header.xlsx 

29 KB 

Hourly satellite (MODIS_combined ALICE 30, GOES_small GOES aoi 
ALICE 26) and RSEM – 2004-2008.txt 

4.3 MB 

  
6:  Combining Data Sets - Continued  
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Hourly satellite (MODIS_combined ALICE 30, GOES_small GOES aoi 
ALICE 26) and RSEM – 2004-2008_header.xlsx 

29 KB 

Hourly satellite (MODIS_combined, GOES_small GOES aoi – ALICE 
26) and RSEM – 2004-2008.txt 

4.3 MB 

Hourly satellite (MODIS_combined, GOES_small GOES aoi – ALICE 
26) and RSEM – 2004-2008_header.xlsx 

29 KB 

Daily satellite (MODIS_combined, GOES_small GOES aoi – ALICE 
30), RSEM, weather – 2004-2008.txt 

0.2 MB 

Daily satellite (MODIS_combined, GOES_small GOES aoi – ALICE 30), 
RSEM, weather – 2004-2008_header.xlsx 

29 KB 

Daily satellite (MODIS_combined ALICE 30, GOES_small GOES aoi 
ALICE 30), RSEM, weather – 2004-2008.txt 

0.2 MB 

Daily satellite (MODIS_combined ALICE 30, GOES_smllGOESaoi 
ALICE 30), RSEM, weather – 2004-2008_header.xls 

29 KB 

Daily satellite (MODIS_combined, GOES_small GOES aoi – ALICE 
26), RSEM, weather – 2004-2008.txt 

0.2 MB 

Daily satellite (MODIS_combined, GOES_small GOES aoi – ALICE 26), 
RSEM, weather – 2004-2008_header.xlsx 

29 KB 
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Appendix 2: DVD Matlab Code Appendix 

The DVD, attached, forms a part of this work.  

The Matlab code files are saved as text files and can be opened with a text editor, or they can be saved with 

a ‘.m’ extension and used in Matlab.  

Text Files: 
combinedatasets.txt Combines the hourly RSEM and satellite data, and 

the daily RSEM, satellite, and weather data 
3 KB 

   
combinegoesmodis.txt Combines the GOES and MODIS data sets in time 

order 
4 KB 

   
combinemodis.txt Combines the MODIS day and night data sets in time 

order 
2 KB 

   
findbad.txt Finds images with possible bad data 1 KB 
   
goesnightday.txt Flag GOES daytime versus nighttime images 2 KB 
   
insdays.txt Inserts missing days into the weather data 2 KB 
   
reduceroi.txt Reduce the area of interest for the GOES data set 2 KB 
   
rstgoes26modis30.txt Creates the intermediate ALICE threshold level for 

the combined MODIS (ALICE < 3.0) and GOES 
(small GOES area of interest; ALICE < 2.6) data set 

1 KB 

   
separategoesnightday.txt Separates the GOES data set into night and day data 

sets 
1 KB 

   
sumdays.txt Sum the number of alerts and excess radiance, or 

RSEM count for each day for the MODIS / GOES / 
MODIS+GOES / RSEM data sets 

6 KB 

   
sumhours.txt Sum the number of alerts and excess radiance for 

each hour for the MODIS / GOES / MODIS+GOES 
data sets 

5 KB 

   
time2totime1_yyyyddd.txt Create a one-cell-time (YYYYDDD) 0.7 KB 
   
time3totime1_yyyyddd_hh.txt Create a one-cell-time (YYYYDDD.HH or 

YYYYDDD.HHMM) 
0.9 KB 

   
yyyydddhh_num_2.txt Outputs the Matlab datenum for non-leap years 24 KB 
   
yyyydddhh_num_2_leap.txt Outputs the Matlab datenum for leap years 24 KB 
   
zerellipse.txt Plot ‘flat’ ellipses for Figure A4.9 2 KB 
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Appendix 3: Tables 
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Table A3.1 MODVOLC NTI threshold results for the MODIS pre-processing area of interest 
  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime images) 

Threshold Total Minimum Maximum Mean Total Minimum Maximum Mean 
Nighttime - Terra & 

Aqua   
  

  
   

  
-0.75 2277 0 289 20.15 2277 0 82 0.38 
-0.76 2644 0 322 23.40 2644 0 96 0.45 
-0.77 2955 0 376 26.15 2955 0 96 0.50 
-0.78 3416 0 418 30.23 3416 0 111 0.58 
-0.79 3962 0 479 35.06 3962 0 119 0.67 
-0.8 4491 0 546 39.74 4491 0 133 0.76 

-0.81 5214 0 629 46.14 5214 0 133 0.88 
-0.82 6456 0 776 57.13 6456 0 133 1.09 
-0.83 8441 0 1071 74.70 8441 0 153 1.42 
-0.84 14573 0 1447 128.97 14573 0 153 2.46 
-0.85 31615 0 2027 279.78 31615 0 165 5.33 
-0.9 89900000 

  
795575.00 89900000 

  
15162.80 

-1 255760000     2263360.00 255766000     43138.10 
Daytime - Terra   

  
  

   
  

-0.55 4750 0 435 42.04 4750 0 135 1.42 
-0.60 7714 0 610 68.27 7714 0 193 2.30 
-0.61 8687 0 695 76.88 8687 0 204 2.59 
-0.62 9793 0 783 86.66 9793 0 220 2.92 
-0.63 11155 0 862 98.72 11155 0 232 3.33 
-0.64 12621 0 977 111.69 12621 0 273 3.77 
-0.65 14832 0 1152 131.26 14832 0 303 4.43 
-0.66 17626 0 1336 155.98 17626 0 361 5.26 
-0.67 22068 0 1662 195.29 22068 0 432 6.59 
-0.68 30463 0 2270 269.58 30463 0 733 9.10 
-0.69 51352 0 4357 454.44 51352 0 1535 15.33 
-0.70 110456 0 10286 977.49 110456 0 3144 32.98 
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Table A3.1 Continued 
  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime images) 

Threshold Total Minimum Maximum Mean Total Minimum Maximum Mean 
Daytime - Aqua   

  
  

   
  

-0.55 2643 0 299 31.46 2643 0 92 1.04 
-0.60 4602 0 514 54.79 4602 0 150 1.81 
-0.61 5188 0 563 61.76 5188 0 193 2.04 
-0.62 5956 0 640 70.90 5956 0 225 2.34 
-0.63 6848 0 705 81.52 6848 0 260 2.69 
-0.64 8057 0 805 95.92 8057 0 340 3.16 
-0.65 9699 0 914 115.46 9699 0 386 3.81 
-0.66 13022 0 1075 155.02 13022 0 429 5.11 
-0.67 20919 0 1975 249.04 20919 0 737 8.21 
-0.68 43572 0 4858 518.71 43572 0 1359 17.10 
-0.69 101028 0 11280 1202.71 101028 0 2720 39.65 
-0.70 236911 0 23020 2820.37 236911 0 4855 92.98 
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Table A3.2 MODVOLC NTI threshold results for the Colima Volcanic Complex area of interest 
  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime images) 

Threshold Total Minimum Maximum Mean Total Minimum Maximum Mean 
Nighttime - Terra & Aqua   

  
  

   
  

-0.55 163 0 56 1.44 163 0 43 0.03 
-0.65 332 0 77 2.94 332 0 71 0.06 
-0.7 565 0 100 5.00 565 0 82 0.10 

-0.71 640 0 115 5.66 640 0 82 0.11 
-0.72 719 0 127 6.36 719 0 82 0.12 
-0.73 801 0 142 7.09 801 0 82 0.14 
-0.74 895 0 160 7.92 895 0 82 0.15 
-0.75 1012 0 177 8.96 1012 0 82 0.17 
-0.76 1165 0 212 10.31 1165 0 96 0.20 
-0.77 1237 0 216 10.95 1237 0 96 0.21 
-0.78 1382 0 260 12.23 1382 0 111 0.23 
-0.79 1526 0 292 13.50 1526 0 119 0.26 
-0.8 1686 0 312 14.92 1686 0 133 0.28 

-0.81 1894 0 367 16.76 1894 0 133 0.32 
-0.82 2195 0 373 19.42 2195 0 133 0.37 
-0.83 2555 0 414 22.61 2555 0 153 0.43 
-0.84 3124 0 494 27.65 3124 0 153 0.53 
-0.85 3760 0 539 33.27 3760 0 165 0.63 
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Table A3.2 Continued 
  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime images) 

Threshold Total Minimum Maximum Mean Total Minimum Maximum Mean 
Daytime - Terra   

  
    

  
  

-0.50 135 0 29 1.19 135 0 14 0.04 
-0.55 202 0 32 1.79 202 0 21 0.06 
-0.60 300 0 38 2.65 300 0 21 0.09 
-0.61 331 0 39 2.93 331 0 21 0.10 
-0.62 401 0 53 3.55 401 0 21 0.12 
-0.63 471 0 53 4.17 471 0 21 0.14 
-0.64 517 0 56 4.58 517 0 21 0.15 
-0.65 605 0 65 5.35 605 0 21 0.18 
-0.66 689 0 65 6.10 689 0 21 0.21 
-0.67 870 0 84 7.70 870 0 39 0.26 
-0.68 1035 0 92 9.16 1035 0 52 0.31 
-0.69 1327 0 139 11.74 1327 0 71 0.40 
-0.70 2012 0 216 17.81 2012 0 111 0.60 

Daytime - Aqua   
  

    
  

  
-0.50 80 0 16 0.95 80 0 16 0.03 
-0.55 101 0 20 1.20 101 0 20 0.04 
-0.60 142 0 20 1.69 142 0 20 0.06 
-0.61 158 0 22 1.88 158 0 20 0.06 
-0.62 172 0 22 2.05 172 0 20 0.07 
-0.63 227 0 24 2.70 227 0 20 0.09 
-0.64 251 0 24 2.99 251 0 20 0.10 
-0.65 288 0 24 3.43 288 0 20 0.11 
-0.66 413 0 44 4.92 413 0 20 0.16 
-0.67 530 0 55 6.31 530 0 31 0.21 
-0.68 676 0 68 8.05 676 0 41 0.27 
-0.69 1145 0 188 13.63 1145 0 184 0.45 
-0.70 1893 0 272 22.54 1893 0 268 0.74 
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Table A3.2 Continued 
  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime images) 

Threshold Total Minimum Maximum Mean Total Minimum Maximum Mean 
Daytime - Terra & Aqua 

   
  

   
  

-0.60 442 0 49 3.91 442 0 21 0.07 
-0.61 489 0 55 4.33 489 0 21 0.08 
-0.62 573 0 70 5.07 573 0 21 0.10 
-0.63 698 0 74 6.18 698 0 21 0.12 
-0.64 768 0 77 6.80 768 0 21 0.13 
-0.65 893 0 88 7.90 893 0 21 0.15 
-0.66 1102 0 96 9.75 1102 0 21 0.19 
-0.67 1400 0 117 12.39 1400 0 39 0.24 
-0.68 1711 0 135 15.14 1711 0 52 0.29 
-0.69 2472 0 236 21.85 2472 0 184 0.42 
-0.70 3905 0 375 34.56 3905 0 268 0.66 

 



 

 158 

Table A3.3 Difference between sequential MODVOLC NTI threshold results for the MODIS pre-processing area of interest 

  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime 
images) 

Threshold Difference Total Maximum Mean Total Maximum Mean 
Nighttime - Terra & 

Aqua   
 

    
 

  
n-0.76-n-0.75 367 33 3.25 367 14 0.06 
n-0.77-n-0.76 311 54 2.75 311 0 0.05 
n-0.78-n-0.77 461 42 4.08 461 15 0.08 
n-0.79-n-0.78 546 61 4.83 546 8 0.09 
n-0.80-n-0.79 529 67 4.68 529 14 0.09 
n-0.81-n-0.80 723 83 6.40 723 0 0.12 
n-0.82-n-0.81 1242 147 10.99 1242 0 0.21 
n-0.83-n-0.82 1985 295 17.57 1985 20 0.33 
n-0.84-n-0.83 6132 376 54.27 6132 0 1.03 
n-0.85-n-0.84 17042 580 150.81 17042 12 2.87 

Daytime - Terra             
n-0.61-n-0.60 973 85 8.61 973 11 0.29 
n-0.62-n-0.61 1106 88 9.79 1106 16 0.33 
n-0.63-n-0.62 1362 79 12.05 1362 12 0.41 
n-0.64-n-0.63 1466 115 12.97 1466 41 0.44 
n-0.65-n-0.64 2211 175 19.57 2211 30 0.66 
n-0.66-n-0.65 2794 184 24.73 2794 58 0.83 
n-0.67-n-0.66 4442 326 39.31 4442 71 1.33 
n-0.68-n-0.67 8395 608 74.29 8395 301 2.51 
n-0.69-n-0.68 20889 2087 184.86 20889 802 6.24 
n-0.70-n-0.69 59104 5929 523.05 59104 1609 17.65 
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Table A3.3 Continued 

  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime 
images) 

Threshold Difference Total Maximum Mean Total Maximum Mean 
Daytime - Aqua   

 
    

 
  

n-0.61-n-0.60 586 49 6.98 586 43 0.23 
n-0.62-n-0.61 768 77 9.14 768 32 0.30 
n-0.63-n-0.62 892 65 10.62 892 35 0.35 
n-0.64-n-0.63 1209 100 14.39 1209 80 0.47 
n-0.65-n-0.64 1642 109 19.55 1642 46 0.64 
n-0.66-n-0.65 3323 161 39.56 3323 43 1.30 
n-0.67-n-0.66 7897 900 94.01 7897 308 3.10 
n-0.68-n-0.67 22653 2883 269.68 22653 622 8.89 
n-0.69-n-0.68 57456 6422 684.00 57456 1361 22.55 
n-0.70-n-0.69 135883 11740 1617.66 135883 2135 53.33 
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Table A3.4 Difference between sequential MODVOLC NTI threshold results for the Colima Volcanic Complex area of interest 

  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime images) 
Threshold Difference Total Maximum Mean Total Maximum Mean 

Nighttime - Terra & Aqua   
 

    
 

  
n-0.71-n-0.70 75 15 0.66 75 0 0.01 
n-0.72-n-0.71 79 12 0.70 79 0 0.01 
n-0.73-n-0.72 82 15 0.73 82 0 0.01 
n-0.74-n-0.73 94 18 0.83 94 0 0.02 
n-0.75-n-0.74 117 17 1.04 117 0 0.02 
n-0.76-n-0.75 153 35 1.35 153 14 0.03 
n-0.77-n-0.76 72 4 0.64 72 0 0.01 
n-0.78-n-0.77 145 44 1.28 145 15 0.02 
n-0.79-n-0.78 144 32 1.27 144 8 0.02 
n-0.80-n-0.79 160 20 1.42 160 14 0.03 
n-0.81-n-0.80 208 55 1.84 208 0 0.04 
n-0.82-n-0.81 301 6 2.66 301 0 0.05 
n-0.83-n-0.82 360 41 3.19 360 20 0.06 
n-0.84-n-0.83 569 80 5.04 569 0 0.10 
n-0.85-n-0.84 636 45 5.63 636 12 0.11 
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Table A3.4 Continued 
  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime images) 

Threshold Difference Total Maximum Mean Total Maximum Mean 
Daytime - Terra   

 
    

 
  

n-0.61-n-0.60 31 1 0.27 31 0 0.01 
n-0.62-n-0.61 70 14 0.62 70 0 0.02 
n-0.63-n-0.62 70 0 0.62 70 0 0.02 
n-0.64-n-0.63 46 3 0.41 46 0 0.01 
n-0.65-n-0.64 88 9 0.78 88 0 0.03 
n-0.66-n-0.65 84 0 0.74 84 0 0.03 
n-0.67-n-0.66 181 19 1.60 181 18 0.05 
n-0.68-n-0.67 165 8 1.46 165 13 0.05 
n-0.69-n-0.68 292 47 2.58 292 19 0.09 
n-0.70-n-0.69 685 77 6.06 685 40 0.20 

Daytime - Aqua   
 

    
 

  
n-0.61-n-0.60 16 2 0.19 16 0 0.01 
n-0.62-n-0.61 14 0 0.17 14 0 0.01 
n-0.63-n-0.62 55 2 0.65 55 0 0.02 
n-0.64-n-0.63 24 0 0.29 24 0 0.01 
n-0.65-n-0.64 37 0 0.44 37 0 0.01 
n-0.66-n-0.65 125 20 1.49 125 0 0.05 
n-0.67-n-0.66 117 11 1.39 117 11 0.05 
n-0.68-n-0.67 146 13 1.74 146 10 0.06 
n-0.69-n-0.68 469 120 5.58 469 143 0.18 
n-0.70-n-0.69 748 84 8.90 748 84 0.29 
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Table A3.4 Continued 
  No. of hot spot alerts/month (for 113 months) No. of hot spot alerts/image (5929 nighttime & 5897 daytime images) 

Threshold Difference Total Maximum Mean Total Maximum Mean 
Daytime - Terra & Aqua   

 
    

 
  

n-0.61-n-0.60 47 6 0.42 47 0 0.01 
n-0.62-n-0.61 84 15 0.74 84 0 0.01 
n-0.63-n-0.62 125 4 1.11 125 0 0.02 
n-0.64-n-0.63 70 3 0.62 70 0 0.01 
n-0.65-n-0.64 125 11 1.11 125 0 0.02 
n-0.66-n-0.65 209 8 1.85 209 0 0.04 
n-0.67-n-0.66 298 21 2.64 298 18 0.05 
n-0.68-n-0.67 311 18 2.75 311 13 0.05 
n-0.69-n-0.68 761 101 6.70 761 132 0.13 
n-0.70-n-0.69 1433 139 12.71 1433 84 0.24 
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Table A3.5 Missing days from the GOES data set 

Year Dates Ordinal 
Day 

2002 March 20 - August 25  79 - 237 
  August 27 - October 23  239 - 296 
2003 June 3 - 30  154 - 181 
  July 17 - 29  198 - 210 
  September 7 250 
  November 3 - 5  307 - 309 
  November 18 - 19 322 - 323 
  November 30 - December 30 334 - 364 
2004 January 1 - 16 1 - 16 
  January 24 - 29 24 - 29 
  October 31 305 
  December 9 - 31 344 - 366 
2005 November 17 - December 27 321 - 361 
  December 29 - 30 363 - 364 
2006 April 6 - May 5 96 - 125 
  May 21 - 22 141 - 142 
2007 January 21 - May 1 21 - 121 
  December 5 - 10 339 - 344 
2008 December 26 361 
2009 February 21 - March 1 52 - 60 
  March 4 63 
  October 23 - 25 296 - 298 
  October 31 - November 11 304 - 315 
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Table A3.6 Bad GOES data 

Identified using Saturated Pixels 
Date (YYYYDDD.HHMM) Row number in GOESsum 

2002347.0812 5539 
2002355.1641 6303 
2003012.0112 8249 
2003320.1255 27479 
2004091.0112 33314 

  Identified using number of alerts identified by increasing 
ALICE 

Date (YYYYDDD.HHMM) Row number in GOESsum 
2002061.0141 17 
2002067.1641 483 
2003029.1256 9645 
2006146.1524 81794 
2006234.0355 85927 
2006306.0425 89041 
2006323.1655 89829 
2006324.0255 89849 
2006326.2155 89977 
2006336.1725 90464 
2009273.1625 130878 
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Table A3.7 Missing days of RSEM data 

Year Date Row number in rsem0405060708 (in 
RSEM data_2004 to 2008_hourly.txt) 

2006 January 8 890 
2007 September 2 1341 
  December 25 - 27 1455 - 1457 
  December 29 1459 
2008 January 13 - 17 1474 - 1478 

  
January 30 - February 
3 1491 - 1495 

  March 27 - April 10 1548 - 1562 
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Appendix 4: 11x17 Figures 
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Figure A4.1 Day- and night-time excess radiance for each image versus time, for each 
ALICE threshold.  (a) ALICE > 2.0 shows more daytime than nighttime 
alerts between 2000 and 2002, 2003 and January through August 2004, and 
again in 2006 to June 2009.  These differences are reduced in (b) ALICE > 
2.6 where a small cluster of daytime detections occur without corresponding 
nighttime detections occur at the beginning of 2000 and again in 2008 and 
2009.  Using an ALICE threshold > 3.0 the small clusters of daytime images 
without corresponding nighttime detections get smaller and their excess 
radiance is reduced.  (d) ALICE > 3.29 shows that daytime detections 
without corresponding nighttime detections have almost disappeared except 
for in 2000 and 2008, however, there are now nighttime detections without 
corresponding daytime detections at the end of 2006 and the beginning of 
2007 .  (e) ALICE > 4.0 shows that the daytime detections without 
corresponding nighttime detections have disappeared.  Note that the excess 
radiance scale is the same for (b) through (3) but different for (a). 
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Figure A4.2 Images showing the spatial distribution of the average excess radiance for 
each pixel in one month.  These are the months that thermal anomalies were 
detected in nighttime data using the original GOES area of interest, an NTI 
threshold = -0.82, and ALICE > 3.0.  The first and last images are for 
reference, they do not have an anomaly layer. 
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Figure A4.2 Continued 
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Figure A4.3 Images showing the spatial distribution of the average excess radiance for 
each pixel in one month.  These are the months that thermal anomalies were 
detected in daytime data using the original GOES area of interest, an NTI 
threshold = -0.67, and ALICE > 3.0.  The first and last images are for 
reference, they do not have an anomaly layer. 
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Figure A4.3 Continued 
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Figure A4.4 Entire MODIS data set (night- and day-time data combined) using ALICE > 3.0.  (a) The excess radiance recorded each MODIS image.  (b) The sum of the excess radiance detected in MODIS images 
acquired on the same day. 



 176 

 

Figure A4.5 Comparing the results of the different ALICE threshold using the difference in excess radiance, ΔE, calculated by subtracting the daily excess radiance from the higher ALICE threshold from the excess 
radiance from the lower threshold.  (a) ΔE2.0-2.6 is graphed with ΔE2.6-3.0; (b) ΔE2.6-3.0 is graphed with ΔE3.0-3.29; and (c) ΔE3.0-3.29 is graphed with ΔE3.29-4.0.  There is less of a difference between ΔE2.6-3.0 
and ΔE3.0-3.29 than there is between ΔE2.6-3.0 and ΔE2.0-2.6; and there is very little difference between ΔE3.0-3.29 and ΔE3.29-4.0.  Note the excess radiance scale is the same for (b) and (c) but different for (a). 
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Figure A4.6 Daily MODIS excess radiance from ALICE thresholds (a) > 2.6 and (b) > 3.0 plotted with the eruptive episodes that have occurred at Volcán de Colima between 2000 and 2009 (Varley et al., 2010a). 



 178 

 

Figure A4.7 Excess radiance (the amount of radiance above the normal background radiance) emitted by thermal anomalies detected using the hybrid algorithm for GOES data, with an ALICE threshold of 3.0, 
between March 1, 2002 to December 31, 2009.  The dark grey boxes indicate intervals of missing GOES images and the light grey boxes show the eruptive episodes described by Varley et al. (2010a).  (a) 
Shows the excess radiance detected in each GOES image.  (b) Shows the summed excess radiance detected in GOES images acquired in the same hour, and (c) shows the summed excess radiance detected 
in GOES images acquired in the same day.  The excess radiance increases with increasing time interval because more images, thereby more thermal anomalies, are included within the time interval.  
However, the overall pattern of the data remains.  Please note that the vertical scale is different for each graph. 
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Figure A4.8 Comparing the excess radiance results, summed daily, from thermal 
anomalies detected using ALICE > 2.0, 2.6, 3.0, 3.29, and 4.0 thresholds for 
the original GOES area of interest.  The grey boxes mark intervals of missing 
GOES images.  (a) Compares ALICE > 2.0 (green) and 2.6 (red); (b) 
compares ALICE > 2.6 (green) and 3.0 (red); (c) compares ALICE > 3.0 
(green) and 3.29 (red); and (d) compares ALICE > 3.29 (green) and 4.0 (red).  
The largest difference between the amount of excess radiance detected and 
the number of days with detected thermal anomalies is between ALICE > 2.0 
and 2.6.  The difference in the amount of excess radiance detected by ALICE  
> 2.6, 3.0, 3.29, and 4.0 is noticeably smaller.  Furthermore, there are fewer 
days when thermal anomalies are detected by ALICE > 3.0 but not 3.29 than 
there are for thermal anomalies detected by ALICE > 2.6 but not 3.0.  Note 
the excess radiance scale is the same for all graphs. 
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Figure A4.9 The spatial distribution of thermal anomalies detected using ALICE > 3.0 
for (a) the original GOES area of interest and (b) the small GOES area of 
interest.  The centre of each ellipse represents the mean longitude and latitude 
of the thermal anomalies detected in each GOES image.  The x and y extent 
of each ellipse is given by one longitude and latitude standard deviation.  The 
insets for both (a) and (b) show the view of the underside of the graph.  The 
location of Volcán de Colima’s summit crater is indicated by the vertical 
ellipse.  Several images have ellipses that plot around the perimeter of the 
area of interest, and have low excess radiance values.  The shape and location 
of these ellipses indicate that the anomalies probably do not have a volcanic 
source, as one would expect those ellipses to be more round or elongate 
towards the summit.  By decreasing the area of interest to include only 
Volcán de Colima, the images with the thermal anomalies around the 
perimeter of the area of interest are eliminated from the data set (b).  The 
same pattern is observed using ALICE > 2.6 and 3.29. 
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Figure A4.10 The spatial distribution of thermal anomalies detected in nighttime (blue) 
and daytime (orange) images using ALICE > 3.0 for the original GOES area 
of interest.  Each data point represents the mean longitude and latitude of 
thermal anomalies detected in each GOES image.  The grey area shows the 
small GOES area of interest.  Not only do the daytime images have the 
highest excess radiance values (a), but there is an abundance of images with 
anomalies northeast of the summit crater where few thermal anomalies are 
detected in nighttime images (b).  This indicates that solar heating and 
reflectance may cause false detections in daytime images. 
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Figure A4.11 Comparing the excess radiance results, summed daily, from thermal 
anomalies detected using ALICE > 2.0, 2.6, 3.0, 3.29, and 4.0 thresholds for 
the small GOES area of interest.  The grey boxes mark intervals of missing 
GOES images.  (a) Compares ALICE > 2.0 (green) and 2.6 (red); (b) 
compares ALICE > 2.6 (green) and 3.0 (red); (c) compares ALICE > 3.0 
(green) and 3.29 (red); and (d) compares ALICE > 3.29 (green) and 4.0 (red).  
The results are similar to the results from the original GOES area of interest 
(Figure A4.8).  The largest difference between the amount of excess radiance 
detected and the number of days with detected thermal anomalies is between 
ALICE > 2.0 and 2.6.  The difference in the amount of excess radiance 
detected by ALICE  > 2.6, 3.0, 3.29, and 4.0 is noticeably smaller.  
Furthermore, there are fewer days when thermal anomalies are detected by 
ALICE > 3.0 but not 3.29 than there are for thermal anomalies detected by 
ALICE > 2.6 but not 3.0.  Note the excess radiance scale is the same for all 
graphs. 
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Figure A4.12 (a) Hourly RSEM and (b) daily RSEM results plotted with the eruptive episodes between 2004 and 2008 (Varley et al., 2010a). 
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Figure A4.13 The results of ALICE > 2.6 and 3.0 are compared for the MODIS and 
GOES image data sets using excess radiance from satellite detected from 
thermal anomalies.  Due to the different spatial resolutions, the excess 
radiances cannot be quantitatively compared.  (a) Results of the MODIS and 
GOES thermal anomaly algorithms using an ALICE threshold of 2.6 for both 
satellites.  (b) Results of ALICE > 2.6 and 3.0 for MODIS and GOES 
respectively, (c) results of ALICE > 3.0 for MODIS and 2.6 for GOES, and 
(d) results using an ALICE threshold of 3.0 for both MODIS and GOES.  
Temporally, the GOES ALICE > 3.0 results correspond best with the MODIS 
ALICE > 3.0 results.  The graphs are labelled with the start and end dates of 
each satellite data set. 
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Figure A4.14 The combined MODIS and GOES excess radiance per (a) image, (b) hour, (c) day of thermal anomalies using the intermediate combined MODIS and GOES threshold of ALICE > 3.0 and ALICE > 2.6, 
respectively, for the period between January 1, 2003 and June 30, 2009.  The excess radiance scale increases with increasing time interval, but the pattern of thermal anomalies that are detected remains the 
same.  The grey boxes outline the eruptive episodes that occurred between 2003 and 2009 (Varley et al., 2010a). 
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Figure A4.15 The hourly RSEM and excess radiance from satellite thermal anomalies detected using the combined MODIS and GOES intermediate ALICE threshold (ALICE > 3.0 for MODIS and ALICE > 2.6 for 
GOES) between January 1, 2004 and December 31, 2008.  The eruptive episodes defined by Varley et al. (2010a) are outlined on the time series grey. 
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Figure A4.16 Daily RSEM, excess radiance detected using the intermediate ALICE threshold (ALICE > 3.0 for MODIS and ALICE > 2.6 for GOES), and mean temperature and total precipitation data from the 
weather station near the Colima airport (Station 766560) between January 1, 2004 and December 31, 2008.  The eruptive episodes defined by Varley et al. (2010a) are outlined on the time series in grey. 
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Figure A4.17 The 2004 (a) hourly RSEM and excess radiance data, and (b) daily RSEM, excess radiance, mean temperature and total precipitation.  The excess radiance was detected using the intermediate ALICE 
threshold level (ALICE > 3.0 for MODIS and 2.6 for GOES).  The grey box marks the fast effusive episode that occurred between September 25, 2004 and December 2004 (Varley et al., 2010a and 
Arámbula-Mendoza et al., 2011). 
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Figure A4.18 2005 (a) hourly RSEM and excess radiance data, and (b) daily RSEM, excess radiance, mean temperature and total precipitation.  The excess radiance was detected using the intermediate ALICE 
threshold level (ALICE > 3.0 for MODIS and 2.6 for GOES).  The grey box marks the effusive and explosive episode that occurred between February 2005 and September 2005 (Varley et al., 2010a). 
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Figure A4.19 2006 (a) hourly RSEM and excess radiance data, and (b) daily RSEM, excess radiance, mean temperature and total precipitation.  The excess radiance was detected using the intermediate ALICE 
threshold level (ALICE > 3.0 for MODIS and 2.6 for GOES). 
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Figure A4.20 2007 (a) hourly RSEM and excess radiance data, and (b) daily RSEM, excess radiance, mean temperature and total precipitation.  The excess radiance was detected using the intermediate ALICE 
threshold level (ALICE > 3.0 for MODIS and 2.6 for GOES).  Slow effusive activity accompanied by Vulcanian explosions was reported for January to December 2007 (Varley et al., 2010a). 
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Figure A4.21 2008 (a) hourly RSEM and excess radiance data, and (b) daily RSEM, excess radiance, mean temperature and total precipitation.  The excess radiance was detected using the intermediate ALICE 
threshold level (ALICE > 3.0 for MODIS and 2.6 for GOES).  Slow effusive activity accompanied by Vulcanian explosions was reported for January to December 2008 (Varley et al., 2010a). 
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Figure A4.22 Hourly RSEM and excess radiance (from ALICE > 3.0 MODIS and 2.6 GOES) for (a) February and (b) March 2005.  Four types of observations are made with respect to the events documented by 
Varley et al. (2010a) and Arámbula-Mendoza et al. (2011).  Type 1 - punctual increase in RSEM and excess radiance values in the same hour that the eruption occurred; Type 2 - RSEM response in the 
same hour as the eruption with excess radiance detected one to four hours after; Type 3 - punctual RSEM increase is observed with the eruption, but no excess radiance is detected; and Type 4 - excess 
radiance is detected but does not correlate to a reported moderate or major explosion.  In February (a) one type 1, one type 3, and seven type 4 observation are made.  In March (b) one type 1 and 2, two 
type 2, one type 3 and nine type 4 observations are made.  For event details please refer to Table 6.1. 
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Figure A4.23 Hourly RSEM and excess radiance (from ALICE > 3.0 MODIS and 2.6 GOES) for (a) April and (b) May 2005.  Four types of observations are made with respect to the events documented by Varley et 
al. (2010a) and Arámbula-Mendoza et al. (2011).  Type 1 - punctual increase in the RSEM and excess radiance values in the same hour that the eruption occurred; Type 2 - RSEM response in the same 
hour as the eruption but the excess radiance detected one to four hours after; Type 3 - punctual RSEM increase is observed with the eruption, but no excess radiance is detected; and Type 4 - excess 
radiance is detected but does not correlate to a reported moderate or major explosion.  In April (a) two type 2, two type 3, and twelve type 4 observation are made.  In May (b) one type 1, two type 1 and 2, 
two type 2, one type 3 and fifteen type 4 observations are made.  For event details please refer to Table 6.2. 
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Figure A4.24 Hourly RSEM and excess radiance (from ALICE > 3.0 MODIS and 2.6 GOES) for (a) June and (b) July 2005.  Four types of observations are made with respect to the events documented by Varley et 
al. (2010a) and Arámbula-Mendoza et al. (2011).  Type 1 - punctual increase in the RSEM and excess radiance values in the same hour that the eruption occurred; Type 2 - RSEM response in the same 
hour as the eruption with the excess radiance detected one to four hours after; Type 3 - punctual RSEM increase is observed with the eruption, but no excess radiance is detected; and Type 4 - excess 
radiance is detected but does not correlate to a reported moderate or major explosion.  In June (a) three type 1 and 2, one type 2, one type 3, and nineteen type 4 observation are made.  In July (b) one type 
1, two type 3, and one type 4 observations are made.  For event details please refer to Table 6.3. 
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Figure A4.25 Hourly RSEM and excess radiance (from ALICE > 3.0 MODIS and 2.6 GOES) for (a) August and (b) September 2005.  Four types of observations are made with respect to the events documented by 
Varley et al. (2010a) and Arámbula-Mendoza et al. (2011).  Type 1 - a punctual increase in the RSEM and excess radiance values occurs in the same hour that the eruption occurred; Type 2 - RSEM 
response in the same hour as the eruption with the excess radiance detected one to four hours after; Type 3 - punctual RSEM increase is observed with the eruption, but no excess radiance is detected; and 
Type 4 - excess radiance is detected but does not correlate to a reported moderate or major explosion.  In August (a) one type 4 observation is made.  In September (b) one type 2, one type 3, and one type 4 
observations are made.  For event details please refer to Table 6.4. 
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